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Abstract

Accurate and reliable prediction of macromol ecular structures, P olyp eptide Structure Prediction (PSP),

has eluded researc hers for nearly 40 y ears. Prediction via energy minimi zation assumes the nativ e confor-

mation of the protein has the globally minim al energy p oten tial. Ho w ev er an exhaustiv e searc h is imp ossible

since for molecules of normal size, the size of the searc h space exceeds the accepted size of the univ erse (10

80
,

the n um b er of stable elemen tary particles). Domain kno wledge sources, suc h as the Bro okha v en Protein

Data Base and the Dictionary of Protein Secondary Structures in German y , can b e mined for constrain ts

that limit the searc h space and p ossibly result in an e�cien t sto c hastic algorithm for PSP .

Genetic algorithms (GAs) are sto c hastic, p opulation based, searc h algorithms of p olynomial (P) time

complexit y that can pro duce semi-optimal solutions for problems of nondeterministic p olynomial (NP) time

complexit y suc h as PSP . This study is an engineering in v estigating in to p erformance (e�ectiv eness & e�-

ciency) gains from parallel and real-v alued GAs with resp ect to PSP .

F or PSP , the simple GA has previously b een enhanced with lo cal searc h tec hniques impro ving e�ec-

tiv eness. A t the same time, run time increases b y t w o orders of magnitude. A \farming mo del" parallel

h ybrid GA (PHGA) whic h preserv es the e�ectiv eness of the serial algorithm but with substan tial sp eed up is

designed and implemen ted. P ortabilit y across distributed and massiv ely parallel platforms is accomplished

with the Message P assing In terface (MPI) comm unications standard.

A real-v alued GA system, the REal-v alued Genetic Algorithm, Limited b y constrain ts (REGAL), whic h

exploits domain kno wledge, is also designed and implem en ted. It in tegrates Mic halewicz's real-v alued GA

for n umerical optimization, AFIT/WL's o wn CHARMM energy mo del implemen tatio n and molecule mo del

data structures, and constrain t sets deriv ed from the bio c hemistry domain. Results with deriv ed sets of

constrain ts are presen ted. Exp erimen ts with the p en tap eptide Met-enk ephalin ha v e iden ti�ed conformers

with lo w er energies (CHARMM) than the accepted optimal conformer (Sc heraga, et al), -31.98 vs -28.96

k cals/mol. Analysis of exogenous parameters yields additional insigh t in to p erformance.

A parallel v ersion, P ara-REGAL, an \island mo del" mo di�ed to allo w di�eren t activ e constrain ts in

the distributed subp opulations is also designed and implem en ted. Results examining no v el concepts of

Probabilit y of Migration and Probabilit y of Complete Migration are presen ted.
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REFINED GENETIC ALGORITHMS

FOR

POLYPEPTIDE STRUCTURE PREDICTION

I. Introduction

Most substan tial problems cannot b e mapp ed directly in to a manageable, or tractable, computational

mo del. W ork able solutions to these problems necessarily in v olv e some degree of abstraction. In Newtonian

ph ysics for instance, one migh t assume a frictionless pulley . Here, the problem is divided in to a tractable p or-

tion with signi�can t con tributions, and an in tractable p ortion that can b e \safely" ignored. What constitutes

an answ er that is \close enough" and \safe" is problem sp eci�c. T ractable solution implem en tations in v olv-

ing digital computers are b y necessit y discrete, whereas man y problem domains are con tin uous. Therefore,

when a computer is used to solv e a problem, some lev el of gran ularit y m ust b e accepted.

Ev en when there exists an acceptable lev el of gran ularit y , it is not alw a ys p ossible to searc h for an

optimal solution. The size of the solution space is roughly the a v erage n um b er of v alues the v ariables can

assume raised b y the n um b er of degrees of freedom. Ev en with a linear gro wth in n um b er of v ariables, the

gro wth in solution space is exp onen tial. The traditional searc h metho d of ev aluating ev ery p ossible solution

cannot b e done in a reasonable p erio d of time, ev en with the fastest computers a v ailable to da y or in the

future.

Th us, man y classes of problems m ust b e engineered to strik e a balance b et w een �delit y and solv abil-

it y . This thesis in v estigation examines this issue with resp ect to one suc h problem, P olyp eptide Structure

Prediction.

1.1 Protein Folding Problem / Polypeptide Structure Prediction

The Protein F olding Problem (PFP) predicts the path tak en b y a protein (or p olyp eptide) transitioning

from an unfolded (or denatured) state to its folded (or nativ e) state (or conformation). A general solution

to the protein folding problem has eluded researc hers for more than 30 y ears (70). P olyp eptides Structure

Prediction (PSP) is a related problem. The essence of PSP is to predict the compact, three dimensional

shap e of a protein as it w ould exist in nature, without regard to path tak en. This compact shap e is called

the native conformation.

1

PSP � PFP (1)

1The native conformation determines the protein's biological functions.
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Equation 1 demonstrates the relationship b et w een the t w o problem domains.

1.1.1 Background. A protein is a linear p olymer molecule, a c hain of tens to thousands of monom er

units strung together lik e b eads in a nec klace. The monom ers are the 20 naturally o ccurring amino acids

(8). Eac h amino acid consists of a bac k plane formed b y a single nitrogen, alpha-carb on (C � ), carb on,

o xygen, and h ydrogen atoms, and a distinguishing side c hain (27 ). The bac kb one of a protein is a sequence

of these bac k planes link ed via p eptide b onds. Because they exhibit this b ond, proteins are a subset of

molecules called p olyp eptides. In this do cumen t the term polypeptide, or just peptide, and protein is used

in terc hangeably . In fact, one de�nition of a protein is a p olyp eptide with 50 or more amino acids. When

an amino acid molecule joins with others to form a p olyp eptide, it splits out a w ater molecule (H 2 O). The

amino acid without the o xygen and h ydrogen atoms is called a residue. In this do cumen t, the term "residue"

refers to an amino acid in a sequence forming a particular p olyp eptide.

The primary structure is the sequence of amino acids making up a protein. The primary structure

is easily determined using lab oratory metho ds (27 ). In addition, the secondary structure is the shap e of

lo cal sections of the primary structure. Common secondary structures include alpha-helices, b eta-sheets,

and random coils. These, to o, are easily determined b y sequence analysis and homology tec hniques. The

large-scale arc hitecture of a protein (ho w the helices, sheets, and other secondary structures �t together)

is the tertiary structure. Determining this structure exp erimen tally is v ery di�cult and time consuming.

First a crystalline structure m ust b e gro wn. The crystal is then examined using x-ra y crystallograph y or

m ultidim ensional n uclear magnetic resonance. Y ears are required to iden tify the conformation of a single

protein (35 ). F or comparison, the coun t of iden ti�ed protein sequences is in the tens of thousands while

only a few thousand conformations had b een iden ti�ed. Of these, only ab out 400 conformations had b een

determined to the lev el of atomic resolution (8). In addition, b ecause the crystalline structure is itself an

abstraction of the molecule from it nativ e en vironmen t, it ma y not b e the naturally o ccurring structure.

1.1.2 Importance. The PFP and PSP are fundamen tal problems in bioph ysical science (8), and

are considered Grand Challenges. Grand Challenges are fundamen tal problems in science and engineering

with broad economic and scien ti�c impact whose solutions can b e adv anced b y applying high p erformance

computing tec hniques and resources (12 ). Understanding the PFP and PSP are of great imp ortance for

biomedicine: in designing no v el proteins, in deco ding the information obtained from the Human Genome

Pro ject (91), in designing new drugs, and in trying to understand the thousands of protein sequences b eing

disco v ered ev eryda y in biotec hnology labs.

E�cien t PSP tec hniques are also of great in terest to the Materials Directorate of the USAF W righ t

Lab oratory (WL). These tec hniques exp edite their e�orts to dev elop new materials. They in tend to dev elop

2



materials with non-linear optical prop erties for the USAF. In particular, they plan to dev elop c hromophore-

substituted p olymer c hains with con trolled optical prop erties, so-called smart �lters or optical switc hes (93 ).

1.1.3 Methods for Polypeptide Structures Prediction. There are curren tly t w o basic tec hniques for

predicting the tertiary structure of proteins: energy minimization and molecular dynamics. Using energy

minim izatio n, ab initio metho ds calculate the energy exactly , semi-empirical metho ds neglect some of the

non-dominating terms, and force-�eld metho ds only accoun t for pairwise in teractions b et w een atoms. Calcu-

lating a single energy v alue for these metho ds tak es O ( n5 ), O ( n4 ), and O ( n2 ) time resp ectiv ely (71). Also, it

is assumed the nativ e conformation is the least energy conformer corresp onding to the global minim um of the

energy function (or mo del). With this assumption, the ob jectiv e b ecomes a searc h for the conformation with

the least p oten tial energy . This can b e visualized for a rather trivial case of a n-butane molecule, Figure 1,

b y follo wing the energy surface as the molecule is rotated ab out the b ond b et w een the cen tral carb on atoms.

Figure 1. P oten tial energy trace for v arious conformers of n-butane

Adapted from Theory and Problems of Organic Chemistry b y Meislic h and others (76 ).

Molecular dynamics attempts to sim ulate the folding pro cess. Ho w ev er, the time steps required for this

sim ulation are on the order of one fem tosecond (10

�15
sec). T o da y's computers only allo w us to sim ulate

a few h undred picoseconds (10

�12
sec), while the actual folding pro cesses tak e at least microseconds to

complete (71:5{7).
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1.1.4 Growth of Complexity. There is an exp onen tial gro wth in the solution space as the size of

the molecule increases. First, there is a linear gro wth in the degrees of freedom (DOF) p er atom added

to the molecule. Eac h atom is treated as a symmetrical p oin t mass, therefore, the three rotational DOF

are ignored. This lea v es the three translational DOF in the x, y and z planes. Also, the six DOF for the

molecule as a whole are ignored since the fo cus is the molecule's in ternal in teractions. Th us, there are j3 n� 6 j

DOF where n is the n um b er of atoms.

2
This leads to the size of the solution space: [n um b er of v alues the

v ariables can assume]

j3n�6j
. Rarely is a searc h space of this magnitude conquered b y classical metho ds, th us

the in terest in ev olutionary and in particular genetic algorithms. This has b een but a brief in tro duction to

the bio c hemistry problems of Protein F olding and Structure Prediction. Additional information is pro vided

in the Curren t Issues Chapter (Section 2.3), and App endix A.

1.2 Genetic Algorithms

The Air F orce Institute of T ec hnology (AFIT) has a long history of researc h in to computational science

and engineering with particular in terest in searc h algorithms and parallel and distributed computation. A

Genetic Algorithm (GA) is c haracterized b y implicit parallelism
3

. The study of GAs w as a natural extension

of the in terest in b oth searc h and parallel algorithms. GA researc h has b een carried on at AFIT for almost

a decade(67 ). Muc h of that researc h has b een sp onsored b y W righ t Lab oratory . In 1996, this researc h group

adopted the name AFIT/WL Genetic Computation T ec hniques Researc h Group (A GCT).

GAs are sto c hastic semi-optim al searc h/optimization algorithms based on mo dels of natural ev olution

(55) (41:1{2). GAs w ere dev elop ed in an attempt to create robust, semi-optimal searc h and optimization

algorithms that w ould b e applicable to a wide v ariet y of problems (55, 67 ). They strik e a balance b et w een

exploration and exploitation of the searc h space (84). GAs are one sc ho ol of what has come to b e called Evo-

lutionary Computing (EC), whic h also includes Ev olution Strategies (ES), Ev olutionary Programming(EP),

Genetic Programming (GP), and Classi�er Systems (CS). A brief in tro duction to GAs follo ws. Additional

information ab out EC and its v ariations, esp ecially GAs, is a v ailable in the Curren t Issues Chapter (Sec-

tion 2.4), and App endix B. Other sto c hastic algorithms seen in the bio c hemistry comm unit y include Mon te

Carlo algorithms (74 , 89 ) and Sim ulated Annealing (10, 15, 86 , 89 ).

Genetic Algorithms w ork on p opulations of solutions. A candidate solution is called a chromosome
4

enco ded as a string (of sym b ols). A Simple GA (SGA) p erforms three basic op erations on the c hromosomes:

2Regardless of whether a Cartesian or Internal coordinate system is used. However, the internal coordinate system has fewer
independent variables

3See Appendix B.3.3
4Because GAs are loosely based on natural evolution, many of the terms associated with natural evolution are used inter-

changeably with the terms created speci�cally for genetic algorithms (67).
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selection, crosso v er,

5
and m utation. The algorithm steps through these three op erations rep eatedly un til

some stopping criteria is met. The execution of a complete iteration < selection; crossover; mutation > is

called a generation. A c hromosome is comp osed of genes, the algorithm space enco ding of the problem space

v ariables. Alleles are the v alues a gene can assume. F ollo wing the biological mo del, GAs ha v e historically

used a binary enco ding. Ho w ev er, other enco dings, suc h as real-v alued or higher cardinalit y alphab ets,

are p ossible. Practitioners ha v e observ ed b etter results for n umerical optimization problem solutions with

real-v alued rather than binary enco dings. Historically , at least at AFIT, GAs ha v e b een applied to PSP

using a com binatoric paradigm that suggest a binary represen tation. If PSP is view ed instead as a n umeric

optimization problem, w ould a real-v alued GA b e more e�ectiv e? The results of this researc h sa y YES.

1.3 Parallel and Distributed Computing

As w e approac h the ph ysical limits of single pro cessor computers, our atten tion has turned to parallel

computer arc hitectures for increased p erformance. Man y arc hitectures exist whic h exploit di�eren t paral-

lelization sc hemes. The t w o primary arc hitectures are single instruction stream, multiple data stream (SIMD)

and multiple instruction stream, multiple data stream (MIMD) (66:16{17). Another gro wing area of parallel

computing in v olv es distributed computing on a net w ork of w orkstations (NO W). Eac h of these arc hitec-

tures has b ene�ts and limitatio ns with resp ect to particular applications, comm unication and dep endencies

b et w een tasks, and data and task distributions.

A ma jor stum bling blo c k in parallel computing is an inabilit y to conceptualize parallel approac hes to

problem solving. P eople tend to think and solv e problems sequen tially , but sequen tial solutions to problems

rarely transform in to qualit y parallel solutions. P arallel solutions are said to b e scalable if additional pro ces-

sors can b e used e�cien tly (66 :6). Th us, w e are lo oking for algorithms, suc h as GAs, that are scalable and

exhibit p olynomial time complexit y .

1.4 Research Objectives

The o v erall researc h ob jectiv e is a syn thesis of the searc h p o w er of generic algorithms and the com-

putational p o w er of parallel/distributed computing that exploits existing and ev olving domain kno wledge

from bio c hemistry to reliably predict the three dimensional structure of proteins in general, and sp eci�cally ,

mo di�ed p olyp eptides. Said another w a y{the researc h ob jectiv e is the e�ectiv e and e�cien t prediction of

p olyp eptide structures based on a triad of real-v alued genetic algorithms, bio c hemistry domain kno wledge,

and parallel and distributed computing. This \theme" can visualized, Figure 2 as a PSP \table" supp orted

5Crossover is sometimes called recombination.
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b y three legs, real-v alued genetic algorithms, bio c hemistry domain kno wledge, and parallel and distributed

computing, resting on a foundation of soft w are and computational engineering principles and exp erimen t

design.

Distributed Computing

Parallel andBiochemistry

Domain Knowledge

Effective and Efficient

Polypeptide Structure Prediction

Genetic Algorithms

Computational and Software Engineering Principles

Experiment Design

Figure 2. Thesis Theme

Sp eci�c ob jectiv e are the follo wing:

� Improve Performance of Hybrid GAs for PSP. The curren t A GCT h ybrid GAs dev elop ed b y Gates

and Gaulk e are, to date, the most e�ectiv e GA for PSP . In addition, the GA comm uni t y has exp ended

considerable e�ort de�ning optimal v alues for the exogenous parameters in GAs. My ob jectiv e is

to enhance the p erformance (run time) of these h ybrid GAs while main taining the same b eha vior

(e�ectiv eness).

� Real Valued Genetic Algorithm Implementation for the PSP. Curren t A GCT PFP/PSP GA imple-

men tations use binary enco ding traditionally seen in GAs. The binary represen tation has some dis-

adv an tages when applied to m ultidim ensional , high-precision n umerical problems (84). A real v alue

implemen tati on is designed, implemen ted, and compared to existing implemen tations.

� Exploit Domain Knowledge to Limit Search Space. The real-v alued implemen tation pro vides a v ehicle

to incorp orate domain knowledge in to the GA via linear and non-linear constrain ts. Initially , v alues

deriv ed from from analysis of existing structures in the Bro okha v en National Lab oratory's Protein

Data Base (PDB) will b e used as the basis for constrain ts.
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1.5 Methodology

The existing A GCT h ybrid GA for PSP dev elop ed in turn b y Brinkman, Gates, and Gaulk e, is re-

engineered as a parallel implemen tatio n. It is ev aluated against the serial v ersion for correctness (v alidation)

and p erformance gains. Separately , a steady state real-v alued GA is in tegrated with the A GCT molecular

energy and data structure implemen tations to pro duce, what Zbigniew Mic halewicz calls, an Evolution

Program
6

, This ev olution program allo ws bio c hemistry researc hers to capture and use domain kno wledge

from their problem space. A systematic study is done of the exogenous parameters to c haracterize their

e�ect in this problem domain. A parallel v ersion is designed and implemen ted that uses the no v el concepts

of Probabilistic Migration

7
and Probabilistic Complete Migration.

8

1.6 Assumptions

It is assumed the A GCT molecular energy mo dels accurately predict the p oten tial energy of the

conformer

9
it acts up on. It is also assumed the nomenclature and molecular represen tations used in the

existing A GCT algorithms and data structures are consisten t with those published b y other researc hers in

the molecular mo deling comm unit y . It is also assumed an y soft w are dev elop ed b y this e�ort is considered

\engineering soft w are" (in the acquisition v ernacular). As suc h, certain design alternativ es are selected

whic h are not appropriate for \pro duction soft w are". A t the same time, one underlying principle of this

w ork, particularly in the parallel and distributed realm, is p ortabilit y . Therefore, no sp eci�c hardw are or

soft w are implemen tation is assumed, ho w ev er, recognized engineering standards are used where appropriate.

1.7 Summary

There exist classes of problems that can't b e solv ed in reasonable time strictly b y faster computation.

The Protein F olding Problem and the related problem of P olyp eptides Structure Prediction are suc h prob-

lems. It has b een sho wn that the PFP and PSP are of in tense in terest to the scien ti�c comm unit y and

the USAF. Ev olutionary Algorithms, in particular GAs, are used to pro vide semi-optimal solutions to these

problems. This thesis in v estigation, while con tin uing the AFIT w ork in GAs applied the PFP and PSP ,

tak es a radically di�eren t approac h using real v alue enco ding and searc h limiting tec hniques.

This c hapter outlines the general problem, describ es the main comp onen ts, and rationalizes the need to

exp end researc h e�ort on genetic algorithms and the protein folding problem. General and sp eci�c researc h

6Not to be confused with Evolutionary Programming, see Section 2.4.
7The probability that an improvement at a speci�c node is migrated to other nodes.
8The probability, given a migration, that it is migrated to all other nodes.
9Or molecular conformation
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ob jectiv es are de�ned along with assumptions. The next c hapter presen ts salien t information in the �elds of

genetic algorithms, protein structure prediction, and parallel/distributed computation supp ort. The balance

of the do cumen t is organized as follo ws: Chapter I I I discusses algorithm analysis, design, and implemen tatio n,

Chapter IV discusses exp erimen t design, Chapter V discusses results and analysis, and �nally , Chapter VI

pro vides the conclusions and recommendations for subsequen t researc h. App endix A con tains bac kground on

protein folding and structure prediction problems. App endix B con tains bac kground on genetic algorithms

and other metho ds of ev olutionary computing. App endix C con tains bac kground on parallel and distributed

computing. App endix D con tains op eration directions for the P arallel Hybrid GA. App endix E con tains

analysis of the real-v alued GA used in this thesis, GENOCOP-I I I. Finally , App endix F is a discussion of the

statistical metho ds used to analyze the results of this researc h.
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II. Current Issues

2.1 Introduction

This c hapter pro vides a review of \curren t" issues in the disciplines pro viding the foundations of this

researc h. These areas are Bio c hemistry , Ev olutionary Algorithms (in particular, Genetic Algorithms), and

High P erformance Computing (in particular, P arallel and Distributed GAs). As a con v enience to the reader,

a fair base of kno wledge in these disciplines is assumed. Th us, in tro ductory material and information is

omitted from this c hapter. Ho w ev er, for the reader unfamilia r with these disciplines, bac kground material is

a v ailable in App endix A, Protein F olding/Structure Predication Problem, App endix B, Genetic Algorithms,

and App endix C P arallel and Distributed Computing.

2.2 Previous Research

Previous researc h in GAs at AFIT has resulted in a n um b er of implemen tations. Collectiv ely these are

kno wn as the A GCT Genetic Algorithm T o olkit. Included are general implemen tatio ns of sev eral serial and

parallel genetic algorithms (23 , 77) and ev aluation functions for sev eral domain sp eci�c problems (5, 94 , 75 ).

See Figure 3 for the state of the to olkit prior to this researc h. Figure 31 (Section VI) sho ws the state of the

to olkit after m y e�orts. Most applicable to this researc h is the w ork of Brinkman (initial implem en tation for

PSP) (5), Gates (re�nemen t of energy function, parameter analysis) (35), and Gaukle (in tegration of lo cal

minim izatio n and nic hing) (36) .

2.3 Polypeptides Structure Prediction (PSP)

The protein folding problem (PFP) is a National Grand Challenge problem in bio c hemistry and high-

p erformance computing (11 ). This thesis e�ort addresses p olyp eptide structure prediction (PSP), whic h

is one approac h to solving the PFP . The c hallenge of PSP is a metho d predicting the three-dimensional

structure of a protein (or p olyp eptide) based strictly on its amino acid structure. Muc h of the nomenclature

used in this �eld w as in tro duced in the previous c hapter (Section 1.1). Additional bac kground information

is presen ted in App endix A.

Kau�man's NK mo del (64) indicates that, with a high lev el of epistatic in teractions b et w een the

v ariables, the energy surface is extremely m ulti-modal. Also, his mo del sho ws that as the complexit y of a

landscap e increases, basins of attractions rise to w ard the mean �tness. That is, not only are there man y

lo cal minim al , there is v ery little di�erence b et w een lo cal optima and the global optimal solution (64 ).

Actually , his example w as for a maximi zation problem, hence, the concept for the PSP is in v erted. Lik ewise,

Ngo, Marks, and Karplus pro vide a con vincing argumen t that protein folding via structure prediction is

NP-complete (90:433{506).
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Rab o w and Sc heraga (98) discuss an in teresting GA approac h to the PFP using Cartesian co ordinates.

This pap er is in teresting for three reasons. First, it marks a shift b y Sc heraga, historically a Mon te Carlo

adv o cate, to GAs. Second, it uses the Cartesian co ordinates as v ariables, enco ding them as real v alues.

Finally , the recom bination (crosso v er) op erator generates o�spring as linear com bination p erm utations of

the paren ts. Sc heraga claims this op erator, while lo cally mo difying a v ariable, is less disruptiv e to the o v erall

conformation. Unfortunately , he uses a simple energy function based on a lattice mo del. Th us, to ev aluate

the c hild, it m ust b e �tted to p oin ts on the lattice. This requires large amoun ts of computation and distorts

the candidate solution.

A deterministic metho d based on the ECEPP energy mo del using the ��� algorithm has b een presen ted

b y Floudas, et al (2 ). It is guaran teed to pro duce an �� optimal solution b y computing an upp er and lo w er

b ound. As the searc h progresses, the b ounds b ecome tigh ter. This approac h uses information mined from

commonly a v ailable sources, to limit the searc h space and th us start with a tigh ter lo w er b ound. ��� has

b een applied to the ECEPP/3 mo del. This tec hnique has promise as a metho d to iden tify the optimal

CHARMM energy v alue for Met-enk ephalin.

Elsewhere the in tractabilit y of the molecular conformation searc h space has b een sho wn (Section 1.1.4).

Ngo, discussing the Levin thal P arado x (90)

The essence of the (Levin thal) parado x is that in theory a protein is exp ected to require exp o-

nen tial time to fold, giv en an arbitrary stating con�guration, whereas in practice proteins are

observ ed to fold within seconds to min utes, indep enden t of size.

The argumen t for exp onen tial folding time is base on the molecule sampling con�rmations in a completely

random fashion without an y \clues" as to the lo cation of its nativ e conformation. The fact is that proteins

fold m uc h faster. Exp erimen ts indicate the existence of hierarc h y in observ ed protein structures. These

suggest that a protein do es ha v e clues as to the nature of its nativ e state ev en when it is quite far from b eing

in the folded state. The clues come from the prop ensities of parts of the c hain to form nativ e-lik e structures

(90).

Assuming ! dihedral angle is �xed at the trans
1

p osition, the ( �;  ) pair of dihedral angles de�nes

the bac kb one of a p olyp eptide. Man y times researc hes use the bac kb one as a more tractable abstraction

(or simpli�cation) of the molecular system under study . In a large molecule the bac kb one dihedral angles

( �;  ; ! ) are resp onsible for de�ning the correct folded state. Ho w ev er, it seems that the side-c hain dihedral

angles ( �0s) pla y an imp ortan t role in determining the energetically most stable con�guration (2).

In the early 1960's, Using hard-sphere mo dels of the atoms and �xed-geometries of the b onds, Ra-

mac handran and colleagues (14) deriv ed regions in terms of the allo w ed v alues of the ( �;  ) dihedral angles.

1�180circle or � �
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The k ey result of their calculations w as that for ev ery naturally o ccurring amino-acid, similar patterns w ere

observ ed.

The Ramachandran Plot, see Figure 4, is a to ol widely used in the molecular mo deling. It plots � v ersus

 v alues, for an ywhere from a single residue up-to thousands of angles. Sc heraga iden ti�ed similar patterns

using a build up pro cess where he generated thousand of conformations for the 20 amino acid resides. These

conformations where then ev aluated using the ECEPP energy mo del to iden tify those most lik ely to o ccur

in nature (2).

F rom Biochemistry b y Stry er. Data deriv ed from Bro okha v en Protein Data Bank.

Figure 4. Ramac handran Plot

The o�cial rep ository of protein structures in the United States is the Bro okha v en Protein Data Base

(PDB) op erated b y the National Institute of Health. Access to the database is a v ailable via the W orld Wide

W eb. The Dictionary of Protein Secondary Structures (DSPP), hosted in German y , is another excellen t

source for data ab out molecular structure that ha v e already b een iden ti�ed. In DSPP , dihedral angle v alues

are readily a v ailable, where as the PDB �les from Bro okha v en use Cartesian co ordinates.
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2.4 Genetic Algorithms

The fo cus of this section is on data represen tation issues and the concept prop osed of an evolution

program. See App endix B for comprehensiv e information on GAs.

In his pap er's in tro duction at the �rst P arallel Problem Solving from Nature (PPSN) conference (39 ),

Da vid Goldb erg captures the essence of the GA data represen tation issue:

The use of real-co ded or oating-p oin t genes has a long, if con tro v ersial, history in arti�cial

genetic and ev olutionary searc h sc hemes, an there use as of late seems to b e on the rise. This

rising usage has b een somewhat surprising to researc hers familiar with genetic algorithm (GA)

theory(Goldb erg, 1989;Holland, 1975), b ecause simple analyses seem to suggest that enhanced

sc hema pro cessing is obtained b y using alphab ets of lo w cardinalit y , a seemingly direct con tradic-

tion of empirical �ndings that real co dings ha v e w ork ed w ell in a n um b er of practical problems.

The debate b et w een practitioner and theoretician o v er this paradox of real codings has risen al-

most to the p oin t of sc hism. Theoreticians ha v e w ondered wh y practitioners ha v e paid so little

heed to the theory , and practitioners ha v e w ondered wh y the theory seems so unable to come to

terms with their �ndings.

Goldb erg attempts explain this parado x b y the notion of virtual alphabets. That is, a real v alue co ding forms

\p o ols" that b eha v e as individual c haracters in a virtual alphab et. It also suggest that the real-co ded GAs

can b e blocked from further progress in those situations when lo cal optima separate the virtual c haracters

from the global optim um. On the other hand, W righ t (113) sho ws that Holland's sc hema theorem, the

Fundamental Theorem of Genetic Algorithms, holds for real-v alued co dings b y viewing an in terv al on the

n um b er line as a sc hema.

The concept of an ev olution program is used throughout this researc h e�ort. The concept, and c hoice

of nomenclature, are b est describ ed b y Mic halewicz

I used the term \Ev olution Programs" to mean some generalization of genetic algorithms. The

b o ok w as written in 1991, when (apart from GAs) other algorithms w ere less kno wn. Also, I

tried to mak e a parallel to the title of famous b o ok b y N. Wirth: \Algorithms + Data Structures

= Programs". His title suggests that to construct a successful program, appropriate algorithm

should b e used with appropriate data structures. The same is with ev olutionary stu�: appro-

priate algorithms (in terms of problem-sp eci�c op erators) plus appropriate data structures (as

c hromosomal represen tation).(83 )

In general, AI problem solving strategies are categorized in to strong and weak metho ds (84). A w eak metho d

mak es few assumptions ab out the problem domain; hence it usually enjo ys wide applicabilit y . On the other

hand, it can su�er from com binatorially explosiv e solution cost when scaled up to larger problems. This can

b e a v oided b y making strong assumptions ab out the problem solving metho d. But a disadv an tage of suc h

strong metho ds is their limited applicabilit y . Figure 5 sho ws a series of ev olution programs EP1 through

EP5 . Starting with EP1 , whic h is the w eak est, they b ecome more problem sp eci�c un til EP5 , the strongest,

is applicable to only the problem P (79).
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Figure 5. Hierarc h y of Ev olution Programs, from (Mic halewicz 1993)

The trade o� b et w een e�ciency and problem sp ectrum (broad applicabilit y) is sho wn in Figure 6.

Notice ho w the e�ciency increases when the problem sp ectrum is limited. F or example, Q could b e a

commercial pac k age designed to deterministicly solv e problem P . EP1 represen ts a classical GA, while EP5

represen ts a v ery fo cused ev olution program.

2.5 Parallel Genetic Algorithms

General information ab out parallel computing is a v ailable in App endix C. There are t w o ma jor concerns

when parallelizing an y algorithm: is the parallel algorithm correct (e�ectiv e) and is it faster (e�cien t) than

the serial v ersion? Correctness is an issue b ecause there is greater di�cult y in v erifying parallel algorithms

than sequen tial programs (72). Giv en that the parallel algorithm is correct, sp eedup is the primary goal of

parallelization (9). A tradeo� analysis is generally required to determine if the estimated b ene�ts w arran t

the exp enditure of resources to parallelize an algorithm. There is evidence to suggest that parallelizing

genetic algorithms is w orth while and should b e examined further (22 , 48 , 96, 104 , 109 ). P arallel GAs can

b e sync hronous or async hronous, whic h in some cases actually impro v es p erformance (54).
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Figure 6. E�ciency/Problem Sp ectrum and Ev olution Programs, from (Mic halewicz 1993)

Data and con trol decomp osition are alternate means of dividing a problem in to p ortions that can b e

w ork ed on sim ultaneously . In general, data decomp osed algorithms p erform the same op erations on subsets

of the input ( data parallelism) and con trol decomp osed algorithms p erform di�eren t op erations on the total

input (73 ). In either case the results are recom bined in a fashion to obtain the �nal result(s).

Genetic algorithms are easily parallelized b ecause they are highly data decomp osable (although con trol

decomp osition is not imp ossible, esp ecially as the complexit y of op erators and ev aluation functions gro w).

P arallelizing GAs using data decomp osition can b e as simple as running m ultiple copies of the same program

on di�eren t pro cessors, eac h starting with a di�eren t random n um b er seed, and then c ho osing the b est result

from all runs.

Data parallelization tec hniques are also amenable to static load balancing b ecause their computation

and comm unication patterns are regular (24, 73 ). This do es not imply that all pro cessors are searc hing in

equally promising p ortions of the searc h space. Th us, some e�ciency ma y b e lost to subp opulations that

are searc hing similar solution neigh b orho o ds or stuc k in lo cal optima.

Tw o mo dels, whic h lie at opp osite ends of a gran ularit y sp ectrum, ha v e b een prop osed for parallel

genetic algorithms|the island model (course-grained) and the neighborhood model (�ne-grained) (21, 48 ).

These mo dels are designed to impro v e the simplistic parallel approac h b y sharing near-optimal results with

some p ortion of the global p opulation. The farming model, on the other hand, decomp oses con trol, rather

than data. All three are discussed in the follo wing sections.
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Island Model: The island mo del is an extension of the simplistic approac h where the total p opulation

is divided in to subp opulations whic h are distributed among the pro cessors. The subp opulations ev olv e in

parallel, ho w ev er at certain time in terv als a migration o ccurs where solutions are comm unicated b et w een

pro cessors (21 :10). Migration rates, migration selection strategies, and migration patterns are additional

parameters with asso ciated design decisions that m ust b e de�ned for the parallel genetic algorithm. Near-

linear sp eedup is exp ected and has b een observ ed for island mo del parallel genetic algorithms (5 :60) (7, 109 ).

The time complexit y of island mo del GAs is O (

nl
p

), where p is the n um b er of pro cessors, n is the p opulation

size, and p� n (21). As p! n, the resulting small subp opulation size increases the ratio of comm unication

time to compute time and the sp eedup b ecomes m uc h less than linear. Island mo del GAs are t ypically used

on course-grained or m ultiple-instruction-m ul tipl e-data (MIMD) arc hitectures (65).

Neighborhood Model: The neigh b orho o d mo del splits the p opulation up spatially in a t w o- or three-

dimensional grid. This grid and the de�nition of a neigh b orho o d limits the in teraction of individuals in

the p opulation. T ypically , a single string is assigned to eac h pro cessor, therefore crosso v er and selection

m ust b e mo di�ed b ecause their op eration is distributed across more than one pro cessor. Although their

con v ergence c haracteristics ha v e b een observ ed to b e b etter than the Island Mo del (21:24), parallel genetic

algorithms of the neigh b orho o d mo del don't exhibit sp eedup b ecause they assume n = p, therefore no

sp eedup can b e obtained b ecause more/few er pro cessors are not allo w ed. The neigh b orho o d mo del is most

often compared to the simple GA for time complexit y analysis ( O ( s + l ) vs O ( nl ) where s is the neigh b orho o d

size) (21:24). Neigh b orho o d mo del GAs are generally implemen ted on �ne-grained or single-instruction-

m ultiple-data (SIMD) arc hitectures (21).

Farming Model: The term farming is not used in an agriculture con text. Rather, it is used in a

man ufacturing con text, as in to farm out w ork (102 ), in this case, complex computations. It consist of one

en tit y called a foreman and one or more workers. The foreman mak es the decisions, including assigning

w ork. The w ork ers p erform the assigned task. As in the real w orld, the w ork ers are sometimes idle, a w aiting

w ork from the foreman. One adv an tage to this approac h is that its e�ectiv eness is iden tical to the serial GA.

Th us ev ery thing kno wn ab out the b eha vior of the serial algorithm, b oth theoretical and empirical, can b e

exploited.

2.6 Summary

The determination of the tertiary structure of proteins is a ma jor c hallenge in bio c hemistry . Exp er-

imen tal tec hniques are considered accurate but time consuming, and are incapable of k eeping pace with

the n um b er of protein sequences b eing disco v ered. Prediction tec hniques are hamp ered b y the size of the

conformational searc h space and the time complexit y of calculating energy or solving motion equations.
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Ho w ev er, classical prediction metho ds, com bined with no v el searc h and optimization algorithms, sho w great

p oten tial for b oth a solution to the PFP and a b etter understanding of the underlying b eha vior and op era-

tion of biological systems. This thesis e�ort considers the application of real-v alued genetic algorithms using

energy minim ization as one suc h com bination for solving the protein folding problem. In particular, the use

of domain kno wledge to limit the searc h (solution) space and th us increase the e�ciency is in v estigated.

The next c hapter analyzes issues from the problem and algorithm domains, and discusses the design and

implemen tatio ns of three re�ned GAs.
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III. Algorithm Analysis, Design, and Implementation

The previous c hapter review ed the curren t literature in the three domains that supp ort this researc h;

Bio c hemistry , Ev olutionary Algorithms, and High P erformance Computing. This c hapter is divided in to t w o

parts. The �rst half analyzes sp eci�c issues from the ab o v e domains. The second half explains design and

implemen tatio n details for three re�ned GA algorithms.

3.1 Analysis

3.1.1 Cost Analysis of Local Minimization using Conjugate Gradient. This section analyzes the

conjugate gradien t tec hnique (CG) for lo cal minim izatio n with resp ect to PSP . The ob jectiv e is to iden tify

a strategy for o v ercoming the increased run time cost observ ed in the serial implem en tation.

A CG minim izati on of the CHARMM energy mo del w as adapted from Numerical Recipes in C (97)

b y Gates and Gaulk e (36, 78 ). While a h ybrid GA with CG minimi zation is more e�ectiv e for PSP than a

SGA, it incurs a substan tial run time p enalt y . Analysis of the algorithm is not trivial. CG is an iterativ e

metho d and con v erges in n or few er iterations for a quadratic function (66) where n is the n um b er of v ariables.

Ho w ev er, the CHARMM energy function (Equation 16, App endix A.3) is far from quadratic. Ev ery iteration

in v olv es the cost of a call to the �tness function, a O ( n2 ) op eration. A constan t ( ITMAX = 200) is used as

an upp er b ound on the n um b er of iterations attempted. Empirical results of pro�ling the serial h ybrid GA

dev elop ed b y Gates and Gaulk e are presen ted in T able 1. The pro�ling represen t equiv alen t runs of 500

ev aluations against a 20 mem b er p opulation of the molecule Met-enk ephalin on similar w orkstations (Sun

Sparc 2's). Lamarckian and Baldwinian minim izatio n tec hniques are used for instances of CG, while a simple

GA is used as a baseline. The t w o orders of magnitude di�erence in time p er call to the �tness ev aluation

function, eval func(), b et w een the CG minimi zed and non-minim ized GAs suggest that, frequen tly , the

n um b er of iterations p er lo cal minim ization reac hes the upp er b ound, ITMAX.

The Lamarc kian approac h represen ts the concept of learning from the en vironmen t whic h is passed on

to the o�springs via replacing the c hromosome's genot yp e (molecular structure) as w ell as the phenot yp e

(�tness) resulting from minim i zed c hromosome (111 ). The Baldwinian approac h also represen ts the concept

of learning from the en vironmen t but with out passing the kno wledge on to o�spring. Here only the phenot yp e

(�tness) resulting from minimi zed c hromosome is used in the selection pro cess. Baldwinian can also b e

though t of as iden tifying a a fa v orable region of the searc h space, whic h is giv en an increased c hance of

selection b y asso ciation with the �tness resulting from minim ization (111 ).

The h ybrid GA under study here, lik e most classical GAs, is generational. That is, it follo ws the

algorithm presen ted in App endix B.3. Th us for ev ery generation there is a checkpoint at whic h asynchronous

pro cesses could rendezv ous. This �ts in to a farming of parallel computation. Here, farming is used in
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man ufacturing rather than agriculture sense. A sup ervisory no de, called the client, distributes (farms) w ork

to one or more w ork er no des, called a server. When the serv er completes the w ork, the results are returned to

the clien t. In order for this approac h to b e successful, the computational e�ort in v olv ed m ust b e signi�can t

compared to the comm unicatio ns cost (a coarse grained algorithm). Th us the need to iden tify large c h unks

of computation in the algorithm, whic h can b e accomplished indep enden t of the other c h unks, but do esn't

require large quan tities of dynamic data. Static data can b e replicated a priori at the serv er no des.

The three classic op erators (selection, crosso v er, and m utation), and the ev aluation op eration, are

examined to iden tify candidate pro cesses to b e farmed out. The selection op erator, esp ecially when using

�tness prop ortion selection, is a sync hronous pro cess and requires access to the en tire p opulation; th us, is

not a candidate. The crosso v er is a binary op erator requiring access to t w o c hromosomes at a time. In

this application eac h c hromosome is op erated on b y crosso v er only once p er generation. While it is an

async hronous pro cess, it requires negligible computation time. T otal time for crosso v er in the case study

w as less than one second, a p o or candidate for farming. Mutation is an indep enden t unary op erator and

th us an async hronous pro cess. Ho w ev er, it has the same problem as crosso v er but w orst. While the co de

pro�ler records the function calls to crosso v er, the times are so small they fail to register. The ev aluation

op erator is also an indep enden t unary op erator and th us an async hronous pro cess. This op erator is the

p erfect candidate for farming as its computation dominates the GA, requiring appro ximately 80% of the

total computation time for the simple GA and o v er 99% for the GAs using CG, see T able 1.

T able 1. Serial Hybrid GA Pro�ling Results

Minimization T otal Exec Time in % Time in Calls to Avg Time/

Algorithm Time (sec) c harm ev al() c harm ev al() c harm ev al() Call (sec)

Lamarc kian 4989.55 4978.78 99.78 507 9.84

Baldwinian 4030.19 4011.4 99.53 504 7.96

Simple 56.67 46.11 81.37 514 0.09

The ev aluation op erator is implemen ted for PSP as function charm eval(). Since the CG minimi zation

is sp eci�c to the function b eing minim ized, in this case the CHARMM energy function, it is hidden, in the

soft w are engineering sense, b ehind charm eval(). Not surprising, the test cases con�rm that the increase in

run time in v olving CG lo cal minim i zation in v olv es charm eval() or one of its c hildren (whic h includes the

CG functions). There is a t w o orders of magnitude increase in in b oth the total execution time, and time

p er call to charm eval(), when lo cal CG minim ization is used (Lamarc kian or Baldwinian).

Finally , the soft w are design supp orts this as an ideal p oin t from whic h to \farm" out w ork. The

algorithm domain, instan tiated b y the mo di�ed v ersion of the GENESIS soft w are, is v ery lo osely coupled

from the application domain, instan tiated b y the CHARMM energy function and related molecular struc-
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ture transformation functions. The implemen tation of the P arallel Hybrid GA (PHGA) is discussed in

Section 3.2.1.

3.1.2 Constraint Set Development. My fo cus here is on dev elopmen t of tec hniques usable b y

bio c hemistry researc hers for structure prediction. The constrain t sets dev elop ed in this researc h demonstrate

the feasibilit y of the approac h. In general they are conserv ation, that is, less restrictiv e. A bio c hemistry

researc her studying a particular molecule ma y c ho ose to dev elop more aggressiv e constrain ts. This exibilit y

is inheren t in m y design.

3.1.2.1 Conventions Adopted. The con v en tion of the c hemistry comm unit y is for dihedral

angles to range from �180

�
to 180

�
. Also, 0

�
is at the top of a unit circle, while �180

�
/ 180

�
is at the

b ottom. The n um b ers increase in a clo c k wise direction. T o consisten tly apply the domain constrain ts the

follo wing con v en tion is de�ned.

When de�ning a constrain t, v alues for the lo w er and upp er b ounds of the v alid region, �min and

�max m ust b e assigned suc h that one tra v els from �min to �max in a clo c kwise direction.

This creates a pathological condition when the the v alid region wraps (in v olv es the �180

�
/ 180

�
p osition).

F or the generalized constrain t forms, Equations 6 and 7, discussed in Section 3.2.2.1, to w ork prop erly , �min

to �max are adjusted in the follo wing manner.

�min > �max ! �minadj = �min � 360

�
(2)

�min < �max ! �maxadj = �max + 360

�
(3)

The resulting �minadj and �maxadj ma y b e outside the range �180

�
to 180

�
. Ho w ev er, Equations 6 and

7 function correctly b ecause the phase shift comp onen t is cyclical while the di�erence will b e p ositiv e as

required b y the scaling comp onen t. These adjustmen t ha v e b een made to �min and �max in T ables 2{5.

3.1.2.2 [Met]-enkephalin. The \lo ose" constrain ts for [Met]-enk ephalin (T able 2) w ere de-

v elop ed b y examining Ramac handran plots of observ ed v alues of phi and psi angle for the residues alanine

and glycine (13 ). Of the t w en t y amino acids, proline and glycine ha v e unique � distributions. The other

residues are similar to alanine. The \tigh t" constrain ts (T able 3) consider the ab o v e data and infer additional

insigh ts from \homologo us" molecules.

3.1.2.3 Polyalanine. V alues for the P oly alanine constrain ts (T able 4) w ere dev elop ed in a

similar w a y . It w as kno wn a priori that this molecule forms an �-helix secondary structure. Th us a plot from

Stry er's text (108 ) that sp eci�es the � region for an �-helix w as used. A similar pro cess to that ab o v e w as
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T able 2. Lo ose constrain ts for [Met]-enk ephalin

Dihedral Midp oin t Radius �min �max

� Non�glycine �120 90 150 � 360 �30

� Glycine �180 135 45 � 360 �45

	 60 150 �90 �150 + 360


 �180 20 160 � 360 �160

�1 �60 j 60 j 180 30 �75 j 45 j 175 � 360 �45 j 75 j �165

T able 3. Tigh t constrain ts for [Met]-enk ephalin

Dihedral Midp oin t Radius �min �max

� Non�glycine �120 60 �180 -60

� Glycine 130 70 60 � 360 �160

	 150 140 10 � 360 �70


 180 12 :5 167 :5 � 360 �167 :5

�1 �60 j 60 j 180 7 :5 �67 :5 j 52 :5 j 172 :5 � 360 �52 :5 j 67 :5 j �172 :5

used for the \tigh t" constrain ts (T able 5). After consulting with bio c hemistry domain exp erts, a third set

of constrain ts \tigh t, relaxed terminals" w ere de�ned. These are based on the kno wledge that the dihedral

angles for the terminals residues will not b e consisten t with the non-terminal angles ev en in a v ery regular

secondary structure lik e an �-helix. They are the same as the \tigh t" constrain ts, but without constrain ts

on residues 1 and 14.

T able 4. Tigh t constrain ts for P oly alanine

Dihedral Midp oin t Radius �min �max

� �67 :5 22 :5 �90 �45

	 �30 30 �60 0


 180 20 160 � 360 �160

�1 �60 j 60 j 180 30 �90 j 30 j 150 � 360 �30 j 90 j �150

3.1.3 Real-valued GAs. As indicated elsewhere, a principle ob jectiv e of this researc h is to ev aluation

the p erformance that can b e obtained using a real-v alued GA for PSP . T o accurately assess the di�erence

b et w een binary and real-v alued data represen tation, the t w o implem en tations ideally should iden tical. The

GENESIS system, whic h is the basis for other implemen tations in the A GCT to ol b o x, suc h has the h ybrid GA

discussed in Section 3.1.1, pro vides a real-v alued in terface. Ho w ev er, this is just a con v enience for in terfacing

to a real-v alued �tness function. The genes are actually con v erted to a binary represen tation, whic h is acted

up on b y traditional binary-v alued op erators. As indicated in the literature searc h, the greatest b ene�t from

real-v alued GAs is the a v ailabili t y of ric her op erators. Of the real-v alued GAs a v ailable in the public domain,
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T able 5. Tigh t constrain ts for P oly alanine

Dihedral Midp oin t Radius �min �max

� �60 15 �75 �45

	 �45 15 �60 �30


 180 5 175 � 360 �175

�1 �60 j 60 j 180 5 �65 j 55 j 175 � 360 �55 j 65175

GENOCOP-I I I w as selected b ecause of its use for non-linear constrain t problems. GENOCOP-I I I

1
is the

new v ersion of this system for handling Numerical Optimization of Problems with Linear and Non-Linear

Constrain ts. It is b een used as the real-v alued GA

3.2 Algorithm Design and Implementation

This thesis e�ort in v olv es three distinct GA algorithm designs and implem en tations. The �rst, discussed

in Section 3.2.1, is a parallel implemen tation of the existing A GCT h ybrid GA. The second, discussed in

Section 3.2.2 is a real-v alued implem en tation mating the molecular mo del with the GENOCOP-I I I pac k age.

The third, discussed in Section 3.2.3 is a parallel implemen tation of the second algorithm.

3.2.1 Parallel Hybrid GA. The P arallel Hybrid GA (PHGA) is implemen ted b y mo difying the

serial h ybrid GA dev elop ed b y Brinkman (5), Gates (35 ), and Gaulk e (36) in to a farming model parallel GA.

Message passing is accomplished via the Message P assing In terface (MPI) library (101).

3.2.1.1 Algorithm Design. Up on initialization, eac h no de determines its role, either clien t or

serv er. In either role, the no de p erforms domain initialization, building a molecular mo del of the p olyp eptide

to b e studied. The clien t generates an initial p opulation and pro ceeds as though it w ere a serial algorithm,

except its �tness ev aluation (and optionally , lo cal minim ization) tasks are \farmed" out to a serv er via a

sync hronous send message. The serv er computes and returns the �tness and an up dated c hromosome to

the clien t via a sync hronous reply message. T o main tain the same ev olutionary tra jectory as the serial

execution, the clien t sync hronous eac h generation. That is, it do es not pro ceed to the next generation,

Gt+1 , un til all ev aluation task farmed out in generation, Gt , ha v e b een returned. When the required n um b er

of ev aluations are accomplished, or some other termination condition is reac hed, the clien t broadcast an

async hronous termination message to the serv ers. The clien t then p erforms its normal domain output and

other termination activities. Pseudo-co de for the clien t no de is in Figure 7. Serv er no de pseudo-co de is in

Figure 8 and pseudo-co de for the farming op eration is in Figure 9.

1The developers of this algorithm have been inconsistent with its naming in the literature. Genocop, Genocop-III.1.0,
GENOCOP-III, etc., have been used synonymously. In this document I have adopted the standardization of GENOCOP-III.
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1. Build molecular mo del

2. Randomly generate initial p opulation

3. Put serv ers in Q

4. EvalCnt  population size

5. Loop

6. P erform farming op eration

7. Until EvalCnt ev aluations p erformed

8. Loop { Main Bo dy

9. P erform selection

10. P erform crosso v er

11. P erform m utation

12. EvalCnt  ev aluations needed in this generation

13. Loop

14. Ev aluate b y p erform farming op eration

15. Until EvalCnt ev aluations p erformed

16. Until maxim um n um b er of ev aluations or other stopping condition

17. Broadcast termination message to serv ers

18. P erform domain wrapup

Figure 7. F arming Mo del for PSP , Clien t no de

3.2.1.2 Scheduling. Sc heduling in v olv es the distribution of w ork to a v ailable serv ers. The

ob jectiv e is to k eep all no des equally busy . Initially , sc heduling w as via a round robin sc heduler. When a

serv er w as needed to p erform a task, the pro cessor with the No de ID one greater than that previously used

w as selected. When the highest n um b er No de ID had b een used, w e wrapp ed around bac k to No de ID 1,

th us b ypassing the clien t no de, whic h is alw a ys No de ID 0. In theory , the round robin tec hnique should b e

v ery equitable. The realit y is the sev ers do not alw a ys return w ork in the order dispatc hed. This is esp ecially

true on a network of workstations (NO W) where un balanced system loadings resulting from the m ulti-user

en vironmen t and net w ork conicts cause large v ariabilit y in individual p erformance.

The revised sc heduling tec hnique is a First In, First Out (FIF O) queue. The queue is adapted from

the classical circular queue (arra y implemen tation) found in basic data structures textb o oks. During initial-

ization, the clien t creates a queue and enqueues IDs of all serv er no des. When a task ed is to b e farmed out,

the serv er at the fron t of the queue is used. When a serv er returns it task, its ID is put in to the bac k of the

queue. The revised sc heduler yielded a sligh t, but measurable, decrease in run time.

3.2.2 REal-valved GA, Limited by constraints (REGAL) . REGAL is m y principle con tribution to

the A GCT T o ol b o x (Section 2.2). A genetic algorithm, GENOCOP-I I I, is in tegrated with data structures,

i.e. constrained real-v alued v ariables and other domain constrain ts, to form, what Mic halewicz calls, an

evolution program, (see Section 2.4).
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1. Build molecular mo del

2. Loop

3. Receiv e message from clien t

4. If MINIMIZE

5. P erform lo cal minim izatio n (implicit �tness ev aluation)

6. Up date �tness of individual in message bu�er

7. If REPLA CE

8. Replace message bu�er string with minim ized string

9. Else

10. Compute �tness, up date message bu�er

11. Send message bu�er to clien t

12. Until termination message receiv ed

Figure 8. F arming Mo del for PSP , Serv er no de

1. If reply message w aiting

2. Up date �tness of individual with v alue from message

3. If REPLACE

4. Replace c hromosome in p opulation with minim i zed string from message

5. Enqueue serveri in Q

6. Incremen t EvalsPerformed

7. If EvalsPerformed < EvalCnt ^Q 6= ;
8. Dequeue serverj from Q

9. Send tasking message con taining string and lo cal min parameters to serverj

Figure 9. F arming Mo del for PSP , F arming Op eration

3.2.2.1 Incorporation of Domain Knowledge. As discussed in previous c hapters, there is a

gro wing b o dy of kno wledge applicable to PSP . Lik ewise, there is little dispute that a \strong" algorithm out

p erforms a \w eak" algorithm in its domain. This is the premise of Mic halewicz's Evolution Program (see

Section 2.4). But ho w do w e incorp orate kno wledge from the problem domain in to REGAL? The follo wing

approac h is p erhaps the greatest con tribution to the PSP from this researc h e�ort.

The analysis in Section 3.1.2 yielded a n um b er of constrain t sets. The constrain t sets, de�ned o v er

the indep enden t dihedral angles, divide the searc h space in to probable and improbable regions. Let Sprob

represen t the probable searc h space and Simprob represen t the improbable searc h space. Th us formally ,

Sprob
[

Simprob = S (4)

Sprob
\

Simprob = ; (5)
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A constrain t set de�nes a �imin
and �

imax for eac h xi 2 ~x 2 IR that is activ e in the constrain t set. If

xi is not activ e in the constrain t, �imin
and �

imax default to �� and � rep ectiv ely . The constrain t set can

b e transformed in to a series of nonlinear inequalities of one of the t w o follo wing forms:

0 � cos ( � �
�min + �max

2

) � cos (

�max � �min

2

) (6)

are the constrain ts for the f�;  ; !g angles, and

0 � cos (3 � �
�min + �max

2

) � cos (

�max � �min

2

) (7)

are the constrain ts for the f�1g angles whic h ha v e a trimo dal nature similar to that in Figure 1.

The nonlinear inequalities are hard co ded in to the soft w are prior to compilation. Eac h set is link ed to

a particular case iden ti�er. The sp eci�c set to b e applied is indicated b y a parameter supplied at run time in

the input �le.

3.2.3 Parallel REGAL (Para-REGAL). P ara-REGAL is an modi�ed island mo del parallel imple-

men tation of REGAL for PSP . The traditionally the parallel GA island mo del ev olv es the subp opulation

at a particular no de in an en vironmen t iden tical

2
to the en vironmen t at all other no des. A t some in terv al,

a p ortion of the subp opulation is migrated to other no des. P ara-REGAL mo di�es this mo del in t w o w a ys.

First, in P ara-REGAL, eac h no de can b e an unique en vironmen t. In addition to unique seeds, di�eren t activ e

constrain t sets, di�eren t exogenous parameters, and di�eren t explicit initial p opulations can b e sp eci�ed.

The second mo di�cations in v olv es a probabilistic migration p olicy . Tw o parameters, Probability of Migration

( Pm ) and Probability of Complete Migration ( Pcm ). An up date to the lo cal reference p opulation is the trigger

for a migration whic h is accomplished with probabilit y Pm . Pcm is the probabilit y the migration reac hes

all other non-terminated no des. Th us the probabilit y no de i will receiv e the up date to no de j 's reference

p opulation is Pm � Pcm .

Assumming Pm � Pcm > 0 :0, the migration of �t individuals b et w een islands pro vides an opp ortunit y

for eac h island to main tain a sense of progress across the archipelago.

3
A t a sp eci�ed in terv al, the island

tak es a c hec kp oin t computing the follo wing metrics:

� Average Genotypic Distance. Arithmrtic mean, with resp ect to the lo cal b est c hromosome, of genot ypic

distances to the b est c hromosome at eac h non-lo cal island.

� Least Genotypic Distance. Distance to the genot ypicly nearest island.

2Except for the seed of the random number generator.
3A collection of islands; thus the islands making of the Para-REGAL execution
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� Greatest Genotypic Distance. Distance to the genot ypicly farthest island.

� Average Best Fitness. Arithmetic mean of the b est �tness v alues.

� Local Delta. Di�ernce b et w een lo cal b est �tness and the a v erage b est �tness.

Exp erimen ts to ev aluate P ara-REGAL are discussed in Section 4.5 and results are presen ted in Section 5.4.

3.3 Summary

This c hapter has examined three issues from the problem and algorithm domains. A h ybrid GA using

conjugate gradien t lo cal minimi zation w as analyzed in Section 3.1.1 to increase p erformance b y farming out

computationally in tensiv e tasks in a parallel GA. The design of the resulting re�ned GA w as presen ted in

Section 3.2.1. Section 3.1.2 analyzed data a v ailable from the bio c hemistry domain to dev elop �v e sets of

constrain ts for the t w o test molecules used in this researc h, [Met]-enk ephalin and P oly alanine. In addition, the

c hoice GENOCOP-I I I as the basis for subsequen t real-v alued GA researc h w as presen ted in Section 3.1.3.

F rom these, t w o additional re�ned GAs, REGAL, and P ara-REGAL, w ere deriv ed. Design details w ere

discussed in Sections 3.2.2 and 3.2.3. The next c hapter presen ts exp erimen ts design to ev aluated these

re�ned GAs.
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IV. Experiment Design

F rom the previous c hapters, the h yp othesis has emerged that a real-v alued GAs could b e augmen ted

with kno wledge from the problem domain to form a more p o w erful, if limited, searc h metho d. Will it w ork?

Is it exible? Are there an y unforeseen issues? Ho w do es this approac h compare with sp eeding up an existing

go o d, but slo w, metho d b y distributing the w orkload in a high p erformance computing en vironmen t? What's

the b ene�t? What are the limitations? The exp erimen ts describ ed in this c hapter are in tended to answ er

these questions.

General exp erimen tal issues are discussed in Section 4.1. Exp erimen t I, Section 4.2, ev aluates a parallel

implemen tatio n of the A GCT Hybrid GA. Exp erimen t I I, Section 4.3, ev aluates the feasibilit y of exploiting

domain constrain ts with resp ect to PSP . Exp erimen t I I I, Section 4.4, is sp eci�cally designed to c haracterize

the e�ect of exogenous input parameters with resp ect to REGAL b ecause of issued raised during Exp erimen t

I I. Exp erimen t IV, Section 4.5, is an analysis of a constrain ts and probabilistic migration applied to parallel

and/or distributed real-v alued GA implem en tation for PSP .

4.1 Experiment Techniques

The follo wing t w o sections pro vide bac kground on exp erimen t designs issues. In particular, the meth-

o ds used to generate random n um b er generator seeds, Section 4.1.1, and statistical analysis metho ds, Sec-

tion 4.1.2, are discussed.

4.1.1 Random Number Seeds. The sto c hastic nature of GAs is totally dep enden t on the random

n um b er generator. Dymek's thesis (23 ) studies the random n um b er generator used in Genesis. He sho ws

that the sequence generated do es in deed app ear to b e random. Ho w ev er, he raises an concern ab out the

algorithm used b y Sa wy er (67) to generate nodal seeds. A no dal seed is the sp eci�c seed for a no de in a

m ulti-no dal parallel algorithm. The algorithm used b y Sa wy er is:

Seed =(unsigned) ((Seed + My_node) / (My_node + 1);

As Dymek p oin ts out, the in teger division results in this b eing a step function. F or small seed v alues (and

larger no de coun ts), this result in man y no des ha ving the same seed v alue. Ob viously , if seeded iden tically , the

pseudo-random n um b ers that result induce iden tical b eha vior in eac h lik e seeded no de{a w aste of resources.

T o o v er come the ab o v e problem, three separate approac hes are tak en. First, where div ersit y is in-

tended, the seeds are randomly generated. The pro cedures for Genesis based, and GENOCOP based, GA

soft w are are discussed in the next paragraph. The second approac h w as to mo dify the no dal seed generating

algorithm b y replacing the in teger division with a mo dulus op eration:
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Seed =(unsigned) ((Seed + My_node) % Max_Seed_Value);

The third approac h, used in the clien t-serv er farming no de, w as to ha v e the clien t generate all random

n um b ers and pass the random n um b er to the serv er. This resulted in almost iden tical results b et w een the

serial and parallel algorithms. Th us Dymek's desire for a parallel GA that \p erforms as close as p ossible to

the sequen tial v ersion, only faster (23 :154)" is accomplished.

The Genesis GA engine requires a single nine digit seed v alue. The �v e v alues for Genesis in T able 6

are generated with the follo wing algorithm:

Seed = floor ((999999999 � rand number from Xcalculator ) + 1) (8)

The GENOCOP I I I GA engine requires t w o random n um b er seeds. The Seed1 ranges from 0 to 31328. The

Seed2 ranges from 0 to 30081. The �v e seed pairs in T able 6 are generated using the follo wing algorithm:

Seed 1 = floor ((31328 � randon number from Xcalculator ) + 1) (9)

Seed 2 = floor ((30081 � randon number from Xcalculator ) + 1) (10)

T able 6. Random Num b er Seeds

Set Genesis Seed GENOCOP Seed 1 GENOCOP Seed 2

1 712874273 26482 13328

2 245786357 18695 06208

3 840511331 25743 22696

4 924771098 05695 11275

5 101185467 11816 22450

4.1.2 Statistical Techniques. This thesis presen ts the results of a n um b er of exp erimen ts in whic h

v arious implemen tatio ns of genetic algorithms are compared. In order to dra w meaningful conclusions from

the results of those exp erimen ts, statistical h yp othesis testing is required (1:483). Analysis of V ariance and

the Krusk al-W allis H test are used for h yp othesis testing. Details of these is in App endix F.

4.1.2.1 Analysis of Variance (ANOVA). Supp ose w e ha v e a treatmen ts or di�eren t lev els of

factors w e wish to compare. Eac h of the n observ ed resp onses from eac h of the a treatmen ts is a random

v ariable. F or h yp othesis testing, the mo del errors are assumed to b e normally indep enden tly distributed

random v ariables with mean zero and v ariance of �2 . The test is to determine if the means of t w o (or more)

separate p opulations (results at v arious treatmen t lev els) are the same. ANO V A can b e used to compare a

28



n um b er of p opulation means, sim ultaneously , th us a v oiding the need for a large n um b er of t w o-sample tests

(1).

4.1.2.2 Kruskal-Wallis H Test. Man y statistical tests are applicable only when the data

ma y b e assumed to b e normally distributed. Suc h tests are not appropriate to some exp erimen ts in this

thesis. The p opulations in these exp erimen ts cannot b e assumed to b e normally distributed b ecause there is

a kno wn b ound on the exp erimen tal data. The existence of a b ound on the exp erimen tal data is inconsisten t

with the assumption of a normal distribution. F urthermore, in most cases the b ounds are near the observ ed

means of the exp erimen tal data, so that the errors in tro duced b y the assumption of a normal distribution

are lik ely to b e quite large. F or these exp erimen ts, Krusk al-W allis H T est is used.

4.2 Experiment I: Evaluation of the E�ciency of a Parallel & Distributed Hybrid GA

4.2.1 Motivation and Objective. The conjugate gradien t lo cal minim izati on tec hnique used in the

h ybrid GA is in terms of e�ectiv eness, sup erior to the simple GA (36, 78 ). Ho w ev er, this is at a substan tial

cost in terms of e�ciency as seen in Section 3.1.1. Since substan tial e�ort has b een in v ested in iden tify

e�ectiv e parameters for simple GAs (35, 37 ), it is desirable to main tain b eha vior that results in the same

solution, only arriving there m uc h quic k er.

The ob jectiv e of this exp erimen t set are t w ofold. First, v alidate that the results obtained from the

parallel implemen tation are equiv alen t to those obtained b y the serial implemen tation. Secondly , c haracterize

empirically the e�ciency of the parallel implemen tation in terms of o v erhead, sp eed-up, and scalabilit y .

4.2.2 Methodology. Researc h previously conducted b y Gaukle (36 , 78) w as analyzed to determine

whic h minim izatio n tec hniques pro duced the b est results. T est case based on the selected tec hniques are

sho wn in T able 7. The probabilit y of minimi zation is giv en b y Pm . Lik ewise, the probabilit y of replacemen t

is giv en b y Pr .

Exp erimen ts for eac h test case are run using 1, 2, 6, 12, 18, and 24 pro cessors on the Aeronautical

System Cen ter's (A CS) Ma jor Shared Resource Cen ter's (MSR C) In tel P aragon. The serial implemen tation

dev elop ed b y Brinkman, Gates, and Gaulk e (5 , 35 , 36 ) w as used for the single mo de exp erimen t.

A farming model parallel implemen tatio n based on the serial h ybrid GA w as used for the m ulti-no de

exp erimen ts. Implemen tation details of are giv en in Section 3.2.1. Comparison b et w een the single no de

serial runs and the 2 no de parallel runs w as used to measure the o v erhead imp osed b y the comm unications

library . P arallel runs on 6, 12, 18, and 24 pro cessors are selected to ev aluate the sp eed-up and scalabilit y
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of this algorithm. 24 no des w as selected as an upp er b ound since it exceeds the p opulation size of 20 whic h

historically has pro duced the b est results (35).

T able 7. Hybrid GA T est Cases

Case Selection Minimization T ec hnique Pm Pr

A Fitness Prop ortional Simple 0.0 0.0

B T ournamen t Selection Simple 0.0 0.0

C Fitness Prop ortional Baldwinian 1.0 0.0

E Fitness Prop ortional Lamarc kian 1.0 1.0

F Fitness Prop ortional Lamarc kian 1.0 1.0

An ob jectiv e of this exp erimen t set is v alidation of equiv alen t results from the serial and parallel imple-

men tations. Therefore, all runs used the same random seed v alue 987654321. Runs used p opulation sizes of

20, 50, and 100, for 500, 1000, 1500, and 2000 ev aluations. Three replicates of eac h cell are p erformed. The

result is 1440 individual exp erimen ts! (240 with the serial algorithm and 1200 with the parallel algorithm)

Results are presen ted in Section 5.1.

4.3 Experiment II: Evaluation of the Use of Constraints in the PSP

4.3.1 Motivation and Objective. The literature searc h indicates a large b o dy of kno wledge is b eing

assem bled ab out the PFP and PSP (Section 2.3). In tuitiv ely , it seems this kno wledge can b e exploited to

enhance the e�ectiv eness, and e�ciency of the searc h pro cess. V alidation of this conjecture is this exp erimen t

set's ob jectiv e.

4.3.2 Methodology. The �rst step w as the dev elopmen t of a \reasonable" set of domain constrain ts,

whic h is detailed in Section 3.1.2. Tw o molecules, [Met]-enk ephalin and P oly alanine w ere used in this

exp erimen t. The constrain t sets: none, loose,and tight, are used for eac h molecule. Of course, the constrain ts

[Met]-enkephalin tight are di�eren t than Polyalanine tight.

4.3.3 Parameter Selection. A group (or blo c k) of �v e exp erimen ts are p erformed for molecule using

eac h constrain t set . In eac h blo c k, all v ariables are consisten t except the random n um b er generator seeds.

The seed used are in T able 6. F ull parameter details are presen ted in T ables 8 and 9. Discussion of selection

rational follo ws.

Based on insigh t from exp erimen tal results in Section 5.1, reference population sizes of 20 and 50

are used. Because the ratio of the feasible solution space, F , to the searc h space, S , GENOCOP-I I I cannot
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T able 8. Input P arameters for Exp erimen t I I, Met-enk ephalin

P arameter none lo ose tigh t

Num b er V ariables 24 24 24

Num b er NLE 0 0 0

Num b er NLIE 0 18 18

Num b er LC 0 0 0

Num b er DC 24 24 24

Ref P op Size 20 20 20

Searc h P op Size 20 100 40

Num b er Op erators 10 10 10

T otal Ev aluations 50,000 50,000 50,000

Reference P erio d 10 35 30

Reference O�spring 5 17 10

Select Reference Pt 0 1 1

Repair Metho d 0 1 1

Replace Prob 0.25 0.5 0.5

Reference Init T yp e 1 1 1

Searc h Init T yp e 1 1 1

Ob ject T yp e 1 1 1

T est Case 10 14 15

Epsilon 0.0001 0.0001 0.001

F requency Mo de 0 0 1

randomly generate an initial reference p opulation in the required n um b er of tries,

1
therefore inital p opulations

are supplied. A total of eigh t p opulation where generated. There is a p opulation of 20 randomly generated

unique p oin ts for satisfying the loose or tight constrain ts for eac h molecule. The p opulation of size 50 con tains

duplicates of 25 random generated unique p oin ts satisfying the resp ectiv e constrain ts. The p erm utations of

the seeds in T able 6 w ere used in the random generation. Results are presen ted in Section 5.2.

4.4 Experiment III: Evaluation of Exogenous Parameters in the REGAL System

4.4.1 Motivation and Objective. The impact of exogenous con trol parameters on the e�ectiv eness of

GENOCOP-I I I has not b een extensiv ely studied. Exogenous parameters are those external to the algorithm.

Consider, p opulation size and n um b er of domain constrain ts. Clearly , if w e c hange the n um b er of domain

constrain ts, w e are solving a di�eren t problem. On the other hand, if w e c hange the p opulation size, the

b eha vior will c hange, lik ely resulting in a di�eren t answ er, but to the same problem.

The exp erimen ts in Section 4.3 treated these parameters in an ad-ho c fashion, ho w ev er, they w ere

consisten t for eac h group of exp erimen ts. Only the seed v alues w ere c hanged within a group. The results

1Based on the ratio of F
S

, it would require 1067 tries to randomly generate just on fully feasible chromosome when using the

tight constraint set for Polyalanine.
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T able 9. Input P arameters for Exp erimen t I I, P oly alanine

P arameter none lo ose lo ose tigh t tigh t tigh t (relaxed

terminals)

Num b er V ariables 56 56 56 56 56 56

Num b er NLE 0 0 0 0 0 0

Num b er NLIE 0 56 56 56 56 48

Num b er LC 0 0 0 0 0 0

Num b er DC 56 56 56 56 56 56

Ref P op Size 20 20 50 20 20 20

Searc h P op Size 40 80 100 40 50 40

Num b er Op erators 10 10 10 10 10 10

T otal Ev aluations 50,000 20,000 50,000 20,000 50,000 50,000

Reference P erio d 50 40 115 24 75 30

Reference O�spring 5 18 30 10 25 10

Select Reference Pt 1 0 0 1 1 1

Repair Metho d 1 0 0 1 1 1

Replace Prob 0.25 0.50 0.50 0.50 0.50 0.05

Reference Init T yp e 1 1 1 1 1 1

Searc h Init T yp e 1 1 1 1 1 1

Ob ject T yp e 1 1 1 1 1 1

T est Case 20 24 24 25 25 26

Epsilon 0.001 0.01 0.01 0.0001 0.0001 0.0001

F requency Mo de 0 1 1 1 1 1

b et w een groups, it seems, w ere e�ected b y the v ariations in these parameters. There is extremely little

published data on this issue. The success of REGAL for PSP is dep enden t on managing these parameters'

e�ects. Th us, the ob jectiv e of this exp erimen t set is the c haracterization of e�ect of the exogenous parameters

on the REGAL/GENOCOP-I I I system, at least with resp ect to the PSP .

4.4.2 Methodology. Mic halewicz has publish results using earlier v arian ts of the algorithm (85 ).

F requen tly rep orted parameters are 70 for p opulation size, .20 for Probabilit y of replacemen t, and 28 for

n um b er of o�spring generated p er \generation". Most exp erimen ts ran for 5000 iterations. Giv en that

GENOCOP is a steady state GA, it w as not clear whether this term mean t ev aluations or generations.

P ersonal comm unicati ons with the co-creator of GENOCOP-I I I, Girish Nazhiy ath v eri�ed that iterations is

appro ximately equiv alen t to generations. Therefore, 5000 iterations equals appro ximately 350,000 ev aluations

with a p opulation size of 70. Previous exp erimen ts had pro duced go o d results with 20-40,000 ev aluations.

Therefore, 100,000 ev aluations w ere used in this exp erimen t set.

It is highly lik ely the static parameters and the op erator probabilit y distribution are confounded. In

attempt to decouple them, the static parameters are tested while the op erator frequency con trol is set to

adaptive. This allo ws the frequency of the op erator to \oat" in resp onse to the needs of the system. After

the other parameters ha v e b een analyzed, sp eci�c op erator frequencies can b e studied.
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The exp erimen t set consist of a full factorial design using treatmen t lev els sho wn in T able 10. Some

com binations are not practical, sp eci�cally , generating more than the reference p opulation size n um b er of

o�spring during a reference p opulation ev aluation. The result is total of 540 exp erimen ts!

4.4.3 Exogenous Parameter Evaluation Experiments. A total of 540 exp erimen tal cells are de�ned

from p erm utations of the parameter v alues in T able 10. This is a full factorial design with the except that

p erm utation with the n um b er of O�springs greater than the Reference Population Size where eliminated.

This com bination is not practical b ecause it w ould force ev olution of only the reference p opulation.

T able 10. Exogenous P arameter Ev aluation Exp erimen tal V alues

P arameter (Short Name)

Reference P opulation Size (Ref P op) 20 50

Searc h P opulation Size (Searc h P op) 20 50 70

P erio dicit y of Reference P opulation Ev aluation (P erio dicit y) 50 100 150

O�spring p er Reference P opulation Ev aluation (O�springs) 10 20 30

Probabilit y of Replacemen t for Searc h P opulation (Probabilit y) 0.05 0.20 0.50

Selection of Reference P oin t for Repair (Ref P oin t) 0=random 1=ordered

Repair Metho d (Repair) 0=random 1=deterministic

The results are sub jected to the t w elv e h yp othesis test detailed in T able 11. Results are analyzed in

Section 5.3.

T able 11. Exogenous P arameter Ev aluation Hyp othesis T ests

T est Num b er H0 , Not Signi�can t H1 ,Signi�can t

1 Reference P opulation Size

2 Searc h P opulation Size

3 P erio dicit y of Reference P opulation Ev aluation

4 O�spring p er Reference P opulation Ev aluation

5 Probabilit y of Replacemen t

6 Selection of Reference P oin t for Repair

7 Repair Metho d

8 Reference P opulation Size x Searc h P opulation Size

9 Reference P opulation Size x Repair Metho d

10 Reference P oin t Selection vs Repair Metho d

11 O�spring p er Reference P opulation Ev aluation x Replacemen t P opulation

12 Probabilit y of Replacemen t x Repair Metho d

4.5 Experiment IV: Evaluation of Para-REGAL

4.5.1 Motivation and Objective. Results for the REGAL exp erimen ts w ere far b etter than exp ected.

An ob vious extension of of serial REGAL is P ara-REGAL. Ho w ev er, the b eha vior of a parallel GA is fre-

quen tly di�eren t than the serial v ersion. Additionally , little is kno w ab out the b eha vior of GENOCOP-I I I in
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a parallel implemen tatio n. Th us the ob jectiv e of this exp erimen t set is an initial appraisial of P ara-REGAL

with resp ect to the new migration parameters.

4.5.2 Methodology. In terms of input parameters, etc., P ara-REGAL inherits the c harateristics

of REGAL. Additionally parameters are required for the n um b er of islands, probabilit y of migration and

probabilit y of complete migration. F or this exp erimen t set [Met]-enk ephalin is used as the test molecule

b ecuase of its rugged �tness surface. Based on insigh t from Exp erimen ts I{I I I, an input param ter �le is

de�ed that con tains v aring v alues for the di�eren t no des. F or example, Island 0 will ha v e no constrain ts,

Islands 1 & 2 will use loose constrain ts, and Island 3 will use the tight constrian ts. to insure randomness,

seeds are tak en from a table of random n um b er in Mon tmogery (87). Also, are results b etter if the same

total n um b er of ev eluations is distributed o v er m ultiple pro cessors? T o answ er this question, the n um b er of

ev aluations used in Exp erimen t I I I, 100 ; 000, will b e divided b y the n um b er of islands.

4.5.3 Para-REGAL Experiments. The initial exp erimen t suite is for four islands. The set

f0 :0 ; 0 :33 ; 0 :66 ; 1 :00 g is used for Pm and Pcm . Eac h island will ev olv e for 25 ; 000 ev aluations. An initial

suite of 16 exp erimen ts are de�ned (T able 12). Results are presen ted in Section 5.4.

T able 12. P ara-REGAL Exp erimen t for F our Islands

P arameter Island 0 Island 1 Island 2 Island 3

Num Nonlinear Constrain ts 0 5 18 18

Ref & Searc h P op Size 50 50 50 50

P erio dicit y 250 250 250 250

T est Case Num b er 10 11 14 15

Constrain t Set None ! 's Only Lo ose Tigh t

Num O�spring 20 20 20 20

Replacemen t Ratio 0.5 0.5 0.5 0.5

Seed 1 10480 15011 01536 02011

Seed 2 14577 25417 09922 20655

Exogenous parameters applicable to all runs

4.6 Summary

After discussion of generic exp erimen t design issues, this c hapter has detailed four separate exp erimen t

sets. Exp erimen t I is designed to c haracterize the p erformance of the farming mo del parallel h ybrid GA

v ersus the serial h ybrid GA. Exp erimen t I I is designed to c haracterize the use of domain kno wledge in the

form of constrain ts in REGAL, a real-v alued GA. Exp erimen t I I I is designed to c haracterize and iden tify

go o d v alues for the exogenous parameters used in REGAL. Finally , Exp erimen t IV is designed to ev aluate
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migration parameters and compare the p erformance of P ara-REGAL v ersus the b est results found using

REGAL.
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V. Results and Analysis

This c hapter con tains the summarized results and analyzes the principle exp erimen ts conducted as

part of this researc h. Ra w data is not included, but is a v ailable in the Auxiliary V olume (59 )

5.1 Experiment I: Parallel Hybrid GA

The results from this exp erimen t set is �rst analyzed with resp ect to e�ectiv eness, Section 5.1.1.

The next analysis considers e�ciency , �rst using the serial executions as baseline, Section 5.1.2, and then

comparing with the parallel results, Section 5.1.3. P ortions of this exp erimen t set w ere presen ted at the 1996

National Meeting of the American Chemical So ciet y (60).

5.1.1 E�ectiveness Analysis. The �rst use of the results from this exp erimen t set is a comparison of

the h ybrid GA sub-t yp es. T able 13 presen ts the �nal �tness v alues after 2000 ev aluations. The tra jectories,

de�ned b y the curren t b est solution, are consisten t! F or example, b est �tness for a giv en set of parameters

is the same at the sa y , 20th generation, regardless of whether the exp erimen t is running to 1000 or 2000

ev aluations. Lik ewise, b oth serial and parallel executions generate the same �tness tra jectory , generation b y

generation. This satis�es the correctness requiremen t.

T able 13. Final Fitness V alues for Exp erimen t I after 2000 Ev aluations

Algorithm P opulation P opulation P opulation

Sub T yp e Size 20 50 Size Size 100

FPBald -21.23 -2.62 9.50

FPLam -30.84 -22.26 -15.99

TSLam -28.73 -28.16 -27.68

FPSGA -13.51 23.5487 35.21

TSSGA 3.43 -19.45 -1.43

F or b oth the tra jectory and run time plots, the follo wing lab els apply: FPBald for Hybrid GA w/Fitness

Prop ortional Selection and Baldwinian Minimization, FPLam for Hybrid GA w/Fitness Prop ortional Se-

lection and Lamarc kian Minimizatio n, TSLam for Hybrid GA w/T ournamen t Selection and Lamarc kian

Minimization, TSSGA for SGA w/T ournamen t Selection, and FPSGA for SGA w/Fitness Prop ortional Se-

lection. Consisten t with other results (35), the p opulation size of 20 pro duces the b est results when using

Fitness Prop ortional (FP) selection, with or without minim izatio n. One explanation suggests the smaller

size increases selection pressure on the p opulation. Another explanation suggest since the execution runs for

x ev aluations,

x
pop sizesmall

> x
pop sizelarge

. Th us with the smaller p opulation size, it su�ers more generations,

and, therefore, applications of op erators. The p opulation size of 50, on the other hand, pro duces the b est

results when using T ournamen t Selection (TS). In TS, individuals complete against eac h other, rather than

the p opulation as a whole inducing ev en stronger selection pressure than FP . A larger p opulation pro vides a
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Figure 12. T ra jectory Plot, P opulation Size of 100

more div erse selection of genetic material from whic h to select. Ho w ev er, TS usually con v erges prematurely

when used for PSP . Notice the tra jectory for TSSGA terminates after 1300 ev aluations in Figure 10. T o

summarize, �tness prop ortional selection, p opulation size 20, and Lamarc kian lo cal minim izatio n ha v e b een

the most e�ectiv e h ybrid GA examined. Therefore, it will b e used as the b enc hmark against whic h the

e�ectiv eness of other re�ned GAs for PSP will b e measured.

5.1.2 E�ciency Analysis, Serial. The a v erage run times of the v arious GA subt yp es are presen ted,

�rst group ed b y p opulation size, Figures 13{15, then group ed b y subt yp es, Figures 16{20. Note that

Figures 13{15 actually con tain �v e lines eac h. The FPSGA and TSSGA lines are buried at the b ottom

of eac h plot. This emphasizes the di�erence in execution time b et w een the minim ized and non-minimi zed

GAs. Regardless, b ecause of greater e�ectiv eness, minim i zed GAs are the fo cus of this e�ort. A t all three

p opulation sizes, the run time increases linearly with the slop e increasing as the p opulation size decreases.

This is explained b y the smaller p opulation size exp eriencing more generations and lik ewise more total

o v erhead from eac h generation. When view ed across the p opulation sizes b y GA t yp e, Figures 16{20,

the run time increase is also linear. The smaller p opulation size con tin ues to generally require a longer run

time. The slop es of the minimi zed GAs are steep er and more v aried than the non-minim ized GAs. The

attening of TSSGA p opulation size 20, Figure 19 is explained b y the execution terminating prematurely

after appro ximately 1300 ev aluations b ecause of con v ergence.
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5.1.3 E�ciency Analysis, Parallel. In this section cost/b ene�t asp ects of the parallel implemen-

tation are examined. First, an empirical lo ok at the additional o v erhead cost induced b y comm unicatio n.

Recall that the w ork p erformed b y the serial implem en tation is divided in the parallel implemen tation cleanly

b et w een the clien t and serv er no des. Th us, a clien t with just one serv er should execute no faster than the

serial v ersion. In fact, the clien t-serv er should actually tak e longer b ecause of comm uni cation cost b et w een

the clien t and single serv er.

Ccommunications = TP2 � TS (11)

where Ccommunications is the cost, in time, of the comm unicati ons and TP2 is the a v erage run time of the

parallel implemen tation with 2 no des (a clien t and one serv er) and TS is the a v erage run time of the serial

implemen tatio n. As a unit-less measure of the comm unicati ons cost, I de�ne the Comm unicatio n Cost Index

to b e the ratio of the Clien t-Serv er pair run time to the Serial implemen tation.

Communication Cost Index =

TP2
TS

(12)

Figures 21{23 plot the comm unicatio n cost index v alues b y p opulation size.
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Figure 21. Comm unicatio ns Cost Index, P opulation Size 20

Sp eedup is a measure capturing the relativ e b ene�t of solving a problem in parallel. It is de�ned as

S =

TS

TP
(13)
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where S is the sp eedup, TS is the time of the best serial algorithm for solving the problem, and TP is

time tak en b y the parallel algorithm (66). In linear speedup S increases prop ortionally with the n um b er of

pro cessors p. If S > p, it is called super linear speedup. While sometimes observ ed, it indicates TS is from a

non-optimal serial algorithm. Sp eedup for PHGA is plotted b y p opulation size in Figures 24{26. E�ciency
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is a measure of the fraction of the fraction of time for whic h eac h pro cessor is usefully emplo y ed. It is de�ned
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as

E =

S

p
(14)

where E is the e�ciency , S is the observ ed sp eedup, and p is the n um b er of pro cessors. E�ciency for PHGA

is plotted b y p opulation size in Figures 27{29. Cost is the pro duct of the parallel run time and the n um b er

of pro cessors. A parallel system is said to b e cost-optimal if the cost of solving a problem is prop ortional

to the execution time of the fastest-kno wn sequen tial algorithm on a single pro cessor. Since e�ciency is

the ratio of sequen tial cost to parallel cost, a cost-optimal parallel system has an e�ciency of �(1). PHGA

is reasonably e�cien t when the n um b er of pro cessors is roughly half the p opulation size. While, it is not

cost-optimal, it will p erform iden tically to the serial v ersion only faster. Most parallel GAs do not ha v e

this feature of iden tical b eha vior. As a result, previously (and exp ensiv ely) gained insigh t in to exogenous

parameter selection do es not transfer to the parallel implem en tation. This is not a c haracteristic of PHGA.

5.2 Experiment II: Preliminary REGAL Evaluation

This section presen ts the results of exp erimen ts on t w o separate molecular mo dels, [Met]-enk ephalin

and a 14 residue mo del of P oly alanine. P ortions of this exp erimen t set w ere presen ted at the Midw est

Regional Meeting of the American Chemical So ciet y (61, 62 ), and ha v e b een accepted for the pro ceedings of

A CM's 1997 Symp osium on Applied Computing (SA C'97) (63 ). In previously published results (78), �tness

prop ortional (FP) selection with binary enco ding w as sho wn most e�ectiv e for this particular problem, at

46



0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 5 10 15 20 25

Ef
fic

ien
cy

Number of Processors

FPBald
FPLam
TSLam
FPSGA
TSSGA

Figure 27. E�ciency , P opulation Size 20

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 5 10 15 20 25

Ef
fic

ien
cy

Number of Processors

FPBald
FPLam
TSLam
FPSGA
TSSGA

Figure 28. E�ciency , P opulation Size 50

47



0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 5 10 15 20 25

Ef
fic

ien
cy

Number of Processors

FPBald
FPLam
TSLam
FPSGA
TSSGA

Figure 29. E�ciency , P opulation Size 100

least with resp ect to [Met]-enk ephalin. This selection tec hnique for binary enco ding is compared with the

REGAL approac h.

5.2.1 [Met]-enkephalin. In general the h ybrid GA has b een more e�ectiv e than the REGAL

approac h in minim i zing [Met]-enk ephalin with a b est a v erage of -28.35 k cal/mol (T able 14) v erses -26.38

k cal/mol (T able 15). Ho w ev er, the b est v alue in this exp erimen t set, -30.32 k cal/mol, w as a REGAL exp eri-

men t, using no constrain ts and Lamarc kian minim izatio n. This single example demonstrates a p oten tial for

lo cal minim izatio n incorp orated with REGAL. But in general, tigh ter constrains app ear to in terfere with

lo cal minimi zation. That is, a lo cal minima is found during the initial ev aluation from whic h the exp erimen t

is unable to escap e. I susp ect that as the ratio of feasible space F to searc h space S gets smaller, the

op erators are unable to generate a more �t \feasible" candidate, and th us, escap e the lo cal minim a.

T able 14. Final minim um energies (k cal/mol) for [Met]-enk ephalin, using binary GA

Algorithm Mean Std. Dev. RMSD Best

SGA -22.58 1.57 4.51

Baldwinian -22.57 1.62 3.96

Lamarc kian -28.35 1.29 3.33

It is in teresting to note that conformers ha v e b een iden ti�ed with v alues less than the accepted optimal

conformation (CHARMM equiv alen t of the ECEPP/2 conformation of Li and Sc heraga (74 )). It is b eliev ed

the optimal conformation for ECEPP/2 and CHARMM are di�eren t.
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T able 15. Final minim um energies (k cal/mol) for [Met]-enk ephalin, using REGAL

Algorithm Mean Std. Dev. RMSD Best

No constrain ts -24.92 2.99 4.57

No constrain ts

w/lo cal min -26.38 2.69 4.40

Lo ose constrain ts -22.01 2.69 4.25

Lo ose constrain ts

w/lo cal min -24.95 4.23 4.26

Tigh t constrain ts -23.55 1.69 3.23

Tigh t constrain ts

w/lo cal min -17.71 0.50 5.05

5.2.2 Polyalanine. The e�ectiv eness of the Binary GA (ev en with minim ization) did not hold

for the larger molecule P oly alanine (T able 16). Signi�can t impro v emen t w as observ ed when the step size

in the conjugate gradien t minimi zation w as prop erly sized for for the larger molecule (another example of

using \domain kno wledge"). When examined visually , these conformations did not app ear to b e forming the

exp ected �-helix secondary structures. With adequate domain kno wledge, in the form of tigh t constrain ts,

REGAL p erforms w ell on the larger molecule (T able 17). When allo w ed to reac h 150,000 ev aluations, the

energy v alue is almost that of the optimal conformation without relaxation of b ond lengths and b ond angles.

When examined visually , these conformations de�nitely formed the exp ected �-helix secondary structures.

Again, lo cal minim izatio n w as not e�ectiv e when used in conjunction with constrain ts. This time, the

di�erence b et w een the results is more substan tial.

T able 16. Final minim um energies (k cal/mol) for P oly alanine, using binary GA

Algorithm Mean Std. Dev. RMSD Best

SGA -93.25 10.85 9.67

Baldwinian -103.73 16.5 7.36

Lamarc kian -140.60 5.39 12.74

Lamarc kian

corrected -308.51 8.26 5.03

5.2.3 E�ciency. The rns conducted in this exp erimen t set w ere conducted on a v ariet y of platforms.

They include a 368 no de P aragon sup ercomputer, 100 and 200 mhz Silicon Graphics w orkstation, SUN Sparc

w orkstations (2, 5, and 20), and SUN Ultra Sparc w orkstations.The bulk of the e�ort w as accomplished in a

common user lab of 46 net w ork ed Sparc20 w orkstations. As is exp ected, run times (w all clo c k) v aried with

system loading. Ho w ev er, a few general observ ations can b e made.

� Met-enk ephalin

{ Lamarc kian minim ized Binary GA, a v erage run time = 13 hours
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T able 17. Final minim um energies (k cal/mol) for P oly alanine, using REGAL

Algorithm Mean Std. Dev. RMSD Best

No constrain ts -273.08 13.81 6.25

Lo ose constrain ts -336.65 4.50 1.87

Lo ose constrain ts

w/lo cal min -309.00 8.19 2.70

Tigh t constrain ts -337.64 4.40 0.98

Tigh t constrain ts

w/lo cal min -316.47 0.0

1
1.17

Tigh t constrain ts w/

relaxed terminals -338.30 4.24 1.42

Tigh t, relaxed

150K ev als -351.76 0.57 1.40

{ REGAL, a v erage run time = 2 hours

� P oly alanine

{ Lamarc kian minim ized Binary GA, a v erage run time = 120 hours

{ REGAL, a v erage run time = 4 hours

While results pro v e nothing, initial data suggest the REGAL approac h scales b etter than the binary

GA with lo cal minim izatio n. While the ab o v e times migh t seem excessiv e, it tak es y ears to iden tify protein

conformations using exp erimen tal metho ds suc h as crystallograph y .

5.3 Experiment III: Analysis of Exogenous Parameters for REGAL

This exp erimen t set analyzes the e�ect of the independent static input parameters iden ti�ed in Sec-

tion 4.4.3 on b eha vior of the REGAL system for PSP . These parameters are called indep enden t b ecause

they are not tied to a sp eci�c problem instance unlik e, for example, the n um b er of non-linear inequalities.

The paren thetical commen ts in the follo wing paragraphs indicate the \handle" that can b e used to link the

parameter b eing discussed to the data tables. Summarized data is presen ted in T able 18. ANO V A

2
results

are presen ted in T able 19. The parameters for the exp erimen ts yielding the 5 lo w est energies are sho wn in

T able 20. The plot of the current best trajectory of these 5 exp erimen ts are sho wn in Figure 30.

Analysis 1 considers the reference p opulation size (Ref P op) parameter. On the a v erage, lo w er energies

are found in exp erimen ts with a reference p opulation size of 50. The a v erage run time is greater with the

reference p opulation size of 50, whic h w as exp ected due to the sorting time of the larger p opulation.

3
The

2Analysis of Variance, see Appendix F.1 for more details. Concern has be raised about lack of variability because a single

seed set was used. The Kruskal-Wallis H Test (Appendix F.2) was used as an independentmethod to verify the ANOVA results.
The conclusions were the same. Kruskal-Wallis results are not shown

3Hypothesis testing was not done on run times because system loading in the multi-user environment could not be controlled.
They are provided for reference only. However, the large number of experiments tends to dampen out cases were the platform
was heavily loaded. Thus, the data are insightful.
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di�erence in p opulation size w as signi�can t at the 95% con�dence lev el but not at high con�dence lev els.

ANO V A results are presen ted in T able 19.

Analysis 2 considers the searc h p opulation size (Searc h P op). In this test suit, the a v erage �tness

impro v es as the searc h p opulation increases, ho w ev er, the di�erence in p opulation size is not signi�can t at

the 95% con�dence lev el. Note the trend of a v erage run times increase with the p opulation size sho wn in

the previous paragraph do es not hold.

Analysis 3 considers the p erio dicit y (P erio dicit y) of the reference p opulation ev aluation. That is, the

reference p opulation is ev aluated

4
ev ery time this set n um b er of ev aluations is p erformed, regardless of whic h

p opulation has b een ev aluated. Within the parameters of this exp erimen t set, this input parameter is not

signi�can t.

T able 18. REGAL Input P arameter Analysis, Summary Data

Analysis # P arameter V alue Avg Std Dev Avg Std Dev

Fitness Run Time

Ov erall -24.607 1.99 3.78 1.57

1 Ref P op 20 -24.29 2.01 3.44 1.66

50 -24.65 1.96 4.01 1.48

2 Searc h P op 20 -24.46 1.94 3.76 1.74

50 -24.49 1.97 3.86 1.53

70 -24.57 2.06 3.72 1.45

3 P erio dicit y 50 -24.72 1.97 3.85 1.72

100 -24.36 2.07 3.86 1.49

150 -24.44 1.90 3.63 1.49

4 O�springs 10 -24.43 1.90 3.85 1.68

20 -24.44 2.03 3.56 1.45

30 -24.79 2.06 4.10 1.55

5 Probabilit y 0.05 -23.80 1.73 3.63 1.38

0.2 -24.78 1.92 3.62 1.48

0.5 -24.95 2.10 4.09 1.80

6 Ref P oin t Random -24.42 2.04 3.76 1.41

Ordered -24.60 1.93 3.80 1.72

7 Repair Random -25.21 1.87 3.92 1.68

Deterministic -23.81 1.84 3.64 1.46

Fitness is in k cal/mol

Run time is in hours

Analysis 4 considers the n um b er of o�springs (O�springs) to b e generated for the reference p opulation

ev ery time the reference p opulation is \ev aluated". Remem b er that mem b ers of the reference p opulation

4This nomenclature is from the GENOCOP-III documentation. It would be more accurate to stay the reference population
is operated upon.
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m ust b e fully feasible, th us there ma y b e no new c hromosome added to the reference p opulation. Lik e

p erio dicit y , this parameter b y itself, is insigni�can t.

Analysis 5 considers the probabilit y (Probabilit y) that a repaired candidate solution will replace its

paren t in the searc h p opulation . Of all factors considered, this w as the second most signi�can t. Results here

con tradict results published b y Mic halewicz using GENOCOP-I I I for nonlinear optimization problems(85 ).

He rep orts b est results with a 0 :20 probabilit y of replacemen t. Of the three v alues tested, f0 :05 ; 0 :2 ; 0 :5 g,

these results sho w b est results, on a v erage, with 0 :5. Gran ted, w e are discussing t w o di�eren t problems, and

further more, these results are only applicable to the sp eci�c exp erimen ts run. Additional study is needed

to fully c haracterize this parameter.

Analysis 6 considers the metho d (Ref P oin t) used to select the p oin t, or individual, in the reference

p opulation that is used to \repair" a infeasible candidate solution from the searc h p opulation. The options

are to either select an individual based on a randomly generated n um b er [0 :0 ; 1 :0) (Random), or use the

probabilit y distribution of the reference p opulation (Ordered). This parameter b y itself is not signi�can t.

T able 19. Phase I Input P arameter Analysis, ANO V A

Source of V ariation Sum of Squares DOF Mean Square F0 � = 0 :05

Ref P op 16.28 1 16.28 5.016 * 3.92

Searc h P op 1.21 2 0.61 0.1896 3.07

P erio dicit y 13.09 2 6.545 2.0510 3.07

O�springs 10.98 2 5.49 1.7204 3.07

Probabilit y 137.72 2 68.86 21.5785 * 3.07

Ref P oin t 4.41 1 4.41 1.3820 3.92

Repair 262.54 1 262.54 82.27172 * 3.9

Ref P op x Searc h P op 1.78 2 0.89 0.2789 3.07

Ref P op x Repair 15.01 1 15.01 4.7037 * 3.92

Ref P oin t x Repair 0.52 1 0.52 0.1630 3.92

O�springs x Probabilit y 6.04 4 1.51 0.4732 2.45

Probabilit y x Repair 3.93 2 1.97 0.6158 3.07

Error 1653.01 518 3.19

T otal 2126.52 539

* Ab o v e indicates the source of v ariation is signi�can t at the � = 0 :05 lev el. * indicates it is still signi�can t

at the � = 0 :025 lev el. That is, w e reject the H0 h yp othesis that the p opulation means are equal.

Analysis 7 considers the metho d (Repair) used to repair the candidate solution from the searc h p opu-

lation. Repair is attempted b y generating a linear com bination of the candidate solution and the reference

p oin t with a v alue �. The repair metho d parameter con trols ho w � is determined. The options are to either

randomly generate v alues [0 :0 ; 1 :0] for � (Random), or rep eatedly generate a bisection, � = 2

�i
1 � i � 20,

un til a fully feasible candidate is generated (Deterministic). This parameter is the most signi�can t source of

v ariance, with the random option pro ducing the b est results.
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Analysis 8 considers the in teraction b et w een the size of the reference (Ref P op) and searc h p opulations

(Searc h P op). Individually , the reference size is signi�can t, but not the searc h size. As a source v ariation,

the in teraction b et w een these t w o factors is insigni�can t.

Analysis 9 considers the in teraction b et w een the reference p opulation size (Ref P op) and the c hoice of

repair metho d (Repair). Individually , b oth of these factors are signi�can t, with the c hoice of repair metho d

highly signi�can t. Their in teraction is also signi�can t, but only at the � = 0 :05 lev el.

Analysis 10 considers the in teraction b et w een the metho d (Ref P oin t) used to select the p oin t, or

individual, in the reference p opulation that is used to \repair" a infeasible candidate solution from the

searc h p opulation and the c hoice of repair metho d (Repair). Individually , the �rst factor w as not signi�can t

while the second w as extremely signi�can t. Their in teraction is an insigni�can t source of v ariation.

Analysis 11 considers the n um b er of o�spring generated (O�springs) generated p er reference p opulation

ev aluations and the probabilit y (Probabilit y) that a repaired candidate solution will replace its paren t in the

searc h p opulation. Individually , the �rst factor w as not signi�can t while the second w as extremely signi�can t.

As ab o v e, the in teraction b et w een the the t w o factors is insigni�can t.

Analysis 12 considers the probabilit y of replacemen t (Probabilit y) and the c hoice of repair metho d

(Repair). Individually , b oth of these factors is extremely signi�can t. Surprisingly , the in teraction b et w een

the t w o factors is insigni�can t.

T able 20 sho ws the parameters and results for the 5 b est exp erimen ts. Their tra jectory is sho wn in

Figure 30. Notice that the path of the b est result, # 95, has the steep est initial decen t, then con tin ues to

mak e mo dest gains. It w ould b e in teresting to visually observ e the incremen tal c hanges in the conformation

during the run. Ho w ev er, it this time it is not p ossible as only the initial and �nal conformations are output.

While the analysis of this exp erimen t set pro vides insigh t in to the exogenous parameters, the conclusion

can only b e tak en so far. A stronger conclusion can b e made for the parameters with binary v alues, (Ref

P oin t and Repair) than for the others whose v alue w ere heuristically selected. In particular, the system is

sensitiv e to the replacemen t probabilit y , additional v alues should b e examined.

5.4 Experiment IV: Analysis of Para-REGAL

The exp erimen ts detailed in Section 4.5.3 are summarized in T able 21. The b est results w ere obtained

when b oth Pm = Pcm = 0 :66. In terestingly , in this exp erimen t, the \b est" results w ere not obtained

with the tigh ter constrain ts. That is, the b est candidate w as nev er found in Island 3 whic h is where the

tigh t constrain ts w ere activ e. One p ossible explanation is that it is more di�cult to generate fully feasible

53



T able 20. 5 Best Results Exogenous P arameter Analysis

Exp Ref Searc h P erio dic O�springs Prob Ref P oin t Repair Fitness Run Time

95 20 50 50 20 0.5 1 0 -31.98 4.56

282 50 20 100 30 0.2 0 1 -31.25 5.28

285 50 20 100 30 0.5 0 0 -31.11 3.59

348 50 50 50 20 0.5 1 1 -30.65 5.11

492 50 70 100 20 0.5 1 1 -29.94 4.72

Reference P oin t (0=random, 1=ordered)

Repair Metho d (0=random, 1=deterministic)

Run Time is in hours
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Figure 30. T ra jectory Plot, 5 Best Phase I Exp erimen ts

candidates using the tigh ter constrain ts. With few er candidates generated, there is simple less exploration

of the searc h space.

A candidate feasible for the tigh t constrain ts is also feasible, in most cases, for the relaxed constrain ts,

but nor the rev erse. A up date to the more restrictiv e subp opulation will b e accepted and acted up on b y

the more relaxed subp opulation. But the up date to the more relaxed subp opulation is lik ely to not b e

admissible in to the more restrictiv e p opulation, th us limiting the div ersit y in the restricted subp opulation.

Another factor could b e the exogenous parameter periodicity (the p erio d at whic h the reference p opulation

is explicitly ev olv ed). A v alue of 250 w as used in this set of exp erimen ts whic h is larger than that studied in

Exp erimen t I I I.
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One �nal observ ation from this exp erimen t, it do es not app ear that taking m ev aluations and distribut-

ing them o v er n pro cessors (

m
n

p er island) pro duces the same result as m serial ev aluations. Examination of

tra jectory sho ws the impro v em en t in the energy function to b e v ery �ne; frequen tly the impro v emen t is on

the order of 10

�3
cal/mol. That is, the impro v emen t is in the 6 th decimal place. This small step size is a

factor of the real-v alued represen tation and the ruggedness of the �tness function. Therefore, it is b eliev ed

that a depth in the n um b er of ev aluation, on the order of 50 � 100 K is required to ac hiev e desired results.

T able 21. P ara-REGAL Results with F our Islands

Exp erimen t Num b er Pm Pcm Av erage Fitness Minim um Fitness Island(s) of Best Solution

1 0.00 0.00 -21.81 -22.38 0,1,2

2 0.00 0.33 -21.81 -22.38 0,1,2

3 0.00 0.66 -21.81 -22.38 0,1,2

4 0.00 1.00 -21.81 -22.38 0,1,2

5 0.33 0.00 -20.57 -21.62 0,1

6 0.33 0.33 -23.35 -23.45 0,1

7 0.33 0.66 -23.13 -23.93 0,2

8 0.33 1.00 -21.31 -21.52 0,2

9 0.66 0.00 -21.76 -21.92 0,2

10 0.66 0.33 -22.12 -22.71 2

11 0.66 0.66 -25.78 -25.79 0,1,2

12 0.66 1.00 -23.31 -24.24 0,2

13 1.00 0.00 -21.80 -23.35 0,1

14 1.00 0.33 -24.49 -25.16 2

15 1.00 0.66 -22.49 -22.49 0,2

16 1.00 1.00 -22.62 -22.67 0,2

5.5 Summary

The exp erimen t sets sho w b ene�cial result from the approac hes prop osed in this researc h. While the

h ybrid GA had b een the most e�ectiv e tec hnique applied to PSP using CHARMM energy mo del, it requires

considerable resources

5
In Exp erimen t I, the parallel farming mo del is more e�cien t (faster), considerably

reducing w all clo c k time while pro ducing iden tical results. Ho w ev er, there are upp er b ounds on increases

realized b y this metho d, b ecause as the ratio of pro cessors to p opulation size increases, idle time increases.

In Exp erimen t I I, results using a real-v alued GA implemen tation, REGAL, v erify the feasibilit y of using

domain kno wledge to limit the searc h . Results are b etter when \go o d" domain constrain ts are included. The

domain constrain ts considered in the second exp erimen t set are of lo w �delit y . An exp erienced bio c hemist

could certainly dev elop more precise sets. Of course, the constrain ts could b e so tigh t that the only mem b er

5Considerable resources is a relative concept. Even a 1000 hours of computer time is trivial when compared to experimental
techniques that require years to yield results.
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of the feasible searc h space is the optimal solution. But, if they can b e de�ned that preciously , the protein

folding problem w ould are ready b e solv ed!

The GA comm unit y has less exp erience with exogenous parameter selection in real v alued GAs, es-

p ecially , GENOCOP-I I I. Therefore, the results of Exp erimen t I I I are imp ortan t. F rom an e�ectiv eness

p ersp ectiv e, the size of the reference p opulation matters, as do es the probabilit y of replacemen t and ho w

repair is p erformed. A t least this is the case with resp ect to PSP .

The results of exp erimen ts on the parallel v ersion of REGAL, P ara-REGAL, reinforce the di�erence

usually observ ed b et w een serial and parallel GAs. In this case, b etter tra jectories w ere observ ed in islands

with more relaxed constrain ts. The next c hapter presen ts o v erall conclusions and presen ts issues for further

study from this researc h.
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VI. Conclusions and Recommendation

This in v estigation has consumed thousands of hours of computer time conducting sev eral thousand

individual exp erimen ts. Additionally , h undreds of hours w ere sp en t reviewing the literature and designing

and implemen ting soft w are. These e�orts are of secondary imp ortance as related to the imp ortan t con-

tributions of conception, syn thesis, design, engineering, and re�nemen t of sev eral signi�can t solutions to a

particular Grand Challenge problem. These accomplishmen ts w ould not ha v e b een p ossible without insigh ts

dra wn from m ultidisciplinary sources. The e�orts are group ed in to four distinct initiativ es, eac h of whic h is

discussed in turn.

6.1 Initiative I: PHGA

The P arallel Hybrid GA (PHGA) initiativ e enhances the p erformance of previous A GCT e�orts with

h ybrid genetic algorithms b y implemen ting a no v el parallel arc hitecture. Based on the farming mo del, PHGA

preserv es the e�ectiv eness of the h ybrid GA while reducing the bio c hemical researc her's turn around time.

Built with the MPI standard rather than a proprietary comm unications library , the resulting co de is reusable

on a v ariet y of high p erformance platforms and arc hitectures without an y source co de c hanges. Th us, the

researc her can utilize what ev er computing resource are a v ailable and can easily migrate when new capacit y

b ecomes a v ailable.

The implemen tation is scalable to a n um b er of pro cessors b ounded b y the p opulation size. Ho w ev er,

past a threshold appro ximated b y half the p opulation, the implem en tation is not cost-optimal, and e�ciency ,

in terms of pro cessor utilization, decreases. Still, this is a p o w erful to ol for PSP!

6.2 Initiative II: REGAL

The REal-v alued Genetic Algorithm, Limited b y constrain ts (REGAL), is a strong metho d for predict-

ing molecular structures. This strength allo ws a bio c hemistry researc her to sp ecify as m uc h or as little ab out

a molecular system as is kno wn. P erformance, e�ectiv eness for a giv en lev el of e�ort, is prop ortional to the

amoun t of domain kno wledge included. The metho d of capturing domain constrain ts is generalized to a form

that handles feasible regions including area from b oth sides of the trans orien tation sim ultaneously . Th us,

the metho d can b e extended to dynamically adjust the constrain ts during execution.

1
F or static constrain ts

not in v olving the trans orien tation, computationally more e�cien t linear metho ds can b e used.

2

In this exp erimen t set, it w as noted that the binary GA w as less e�ectiv e on the larger P oly alanine

molecule, regardless whether lo cal minimi zation w as used or not. This b eha vior can b e explained using the

1Actual implementation is out of scope for this investigation because research is required into appropriate control metrics.
2Limit the dihedral angle's range to a lower bound greater than �� and an upper bound less than �.
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fundamental theorem of genetic algorithms b ecause the molecular represen tation used causes the \building

blo c ks" to b e longer in P oly alanine. The theorem (41 ) sho ws that the n um b er of shorter, not longer,

building blo c ks increase exp onen tially in subsequen t generations. In REGAL, this tendency is o v ercome b y

constrain ts.

6.3 Initiative III: Examination of Exogenous Parameters

Considerable researc h has b een applied to the determining optimal exogenous parameters v alues, i.e.

crosso v er rate, m utation rate, for classical binary genetic algorithms. Less data is a v ailable for real-v alued

GAs, esp ecially GENOCOP-I I I. Optimal parameters for applications based on GENOCOP-I I I are esp ecially

hard to determine b ecause it incorp orates the b est of man y Ev olutionary Computation disciplines. While

the results for this initiativ e are with resp ect to a sp eci�c problem (PSP), other GA researc her ma y �nd

them insigh tful for problems c haracterized b y high dimensional rugged �tness landscap es. The greatest single

insigh t is the sup eriorit y of a random v erses deterministic c hoice of � when repairing infeasible candidate

solution b y means of a linear com bination with some reference p oin t.

6.4 Initiative IV: Para-REGAL

Most parallel GAs p erform b etter than their serial coun terparts simply b ecause the collectiv e p opu-

lation undergo es more op erations. T ak en to extremes, suc h an algorithm b ecomes a exhaustiv e searc h of

the solution space that yields the optimal solution. By giving the researc her an option to imp ose di�eren t

constrain ts at eac h island, P ara-REGAL more closely matc hes the hierarc hical folding observ ed in proteins

during molten globular states. That is, the constrain ts activ e at a particular pro cessor, could b e de�ned to,

sa y , exploit the kno wledge the a sp eci�c subsequence forms, sa y a, �-helix. A no v el probabilistic migration

concept balances exploitation of a sp eci�c region of the searc h space with exploration of the en tire searc h

space. Probabilistic migration also balances the algorithm with the message capacit y of the underlying

parallel or distributed arc hitecture.

In P ara-REGAL, assuming an adequately high probabilit y of migration, eac h no de main tains a near

real time view of its progress v erses the progress of other no des. This kno wledge has the p oten tial to

dynamically e�ect system b eha vior b y mo difying constrain ts or other con trol parameters.

The con tribution of eac h of these initiativ es to the A GCT GA T o olkit is sho wn in Figure 31.
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6.5 Recommendations

The success of using binary enco ded and real-v alued GAs for the t w o proteins suggests their application

to more complex protein folding problems. Curren tly , preparing the inputs in the format acceptable to the

curren t implem en tations is man ual and error prone. During the Summer of 1996, in terns w ork ed v ery hard

to do cumen t, streamline, and p ossibly automate the preparation pro cess. In spite of this e�ort, preparing

a new molecule for study is di�cult. P erhaps this is the incorrect approac h. The molecular data structures

used in the curren t implem en tations ha v e a n um b er of a ws. The �rst is a dep endency on a sp eci�c atom

ordering. This ordering is not consisten t with the commercial soft w are pac k ages used to generate the amino

acid sequences represen ting the molecule in question. Unfortunately , there is su�cien t v ariabilit y in the

b eha vior of the commercial pac k ages that a transform pro cess is not feasible. Separately , the curren t data

structures do not ha v e metho ds for hierarc hical understanding of the system in question. The represen tation

is strictly at the atom lev el, there is no concept of comp osite ob jects suc h as residues, sequences, or other

molecules. Muc h of the domain kno wledge a v ailable of exploration is in terms of these comp osite ob jects.

Therefore, I recommend that e�ort b e applied to the dev elopmen t of an ob ject orien ted molecular mo del.

In applying GAs to more and more complex proteins, the use of constrain ts ma y b e the only w a y of

obtaining acceptable solutions due to the exp onen tially increasing n um b er of lo cal and global optimal. The

constrain ts used in the researc h w ere dev elop ed man ually . There is a w ealth of kno wledge to b e disco v ered

from sources suc h as the Bro okha v en Protein Data Bank. There is a need for data mining to ols to classify

kno wledge from whic h to form constrain ts. Dev elopmen t of suc h to ols should include researc hers from b oth

the AI and bio c hemistry �elds.

My c haracterization of the exogenous input parameters with resp ect to REGAL w as the �rst step.

The question of optimal op erator frequency w as deferred b y using the adaptiv e option. No w that there

is insigh t in to optimal v alues for the input parameters, a study of the op erators is in order. In addition,

lo cal minimi zation whic h is e�ectiv e with a binary enco ding, should b e ev en more e�ectiv e in a real-v alued

enco ding. Initial results suggest lo cal minim izatio n causes the execution to b ecome trapp ed early-on in a

sub optimal minim a. An in teresting approac h w ould use lo cal minim ization as an op erator.

6.6 Summary

This c hapter sho ws m y researc h follo wing t w o separate GA trac ks. The �rst extends previous researc h

in binary GAs in a signi�can t w a y . The second trac k has b een in to virgin territory , at least as far as molecular

structure predication is concerned. The result, I think, is a quan tum jump in the applicabilit y of ev olutionary

computation as a solution to a problem of large dimension. The recommendations indicate additional

graduate researc h whic h should result in substan tial con tributions to DOD computational tec hnology .
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Appendix A. Background on the Protein Folding and Protein Structure Prediction Problems

This app endix con tains bac kground material on the protein folding and protein (or p olyp eptide) struc-

ture prediction problems, most of whic h has b een presen ted in previous AFIT theses, particular Brinkman (5)

and Gates (35). Section A.1 de�nes terminology in the bio c hemistry domain. Section A.2 describ es the ex-

p ensiv e exp erimen tal tec hniques used to determine the structure of proteins. Finally , Section A.3 examines

v arious mo dels used to predict the structure of p olyp eptides and proteins.

The protein folding problem (PFP) has b een recognized as a National Grand Challenge problem in

bio c hemistry and high-p erformance computing (11). The c hallenge is to �nd a metho d to predict the three-

dimensional top ology of a protein based on the sequence of its comp onen ts. A solution, whic h w ould pro vide

kno wledge ab out the function(s) of individual proteins, is also the �rst step to w ard solving the inverse folding

problem (IPFP) (8, 71 ). The in v erse folding problem is to determine a sequence (p ossibly more than one)

that fold to a sp eci�ed three-dimensional structure.

The di�erence b et w een the t w o problems is b est c haracterized b y the abilit y a solution to either

w ould pro vide: a PFP solution w ould enable the evaluation of man y proteins in a searc h for one with

a sp eci�c prop ert y or function; an IPFP solution w ould pro vide a mec hanism to design a protein with

sp eci�ed c haracteristics (8:25{26). P ossible applications include: pharmaceuticals with few or no side e�ects;

energy con v ersion and storage capabilities (similar to photosyn thesis); biological and c hemical catalysts

and regulators; angstrom scale information storage; and p ossible optical/c hemical shielding from harmful

radiation sources (8:25) (71:5) (93).

A.1 Introduction to Proteins and Associated Terminology

Proteins (p olyp eptides) are linear sequences of the 20 naturally o ccurring amino acids. Eac h amino

acid consists primarily of three common backbone atoms (a nitrogen and t w o carb ons [N �C � -C  ]) and a

distinct com bination of atoms and co v alen t b onds, called the side-chain (S i ), connected to the C � carb on

atom. A particular protein is de�ned b y a unique amino acid sequence kno wn as the primary structure of

the protein (8 :24)(71 :2)(69 :49).

As the amino acids form in to proteins via p eptide b onds, they giv e up a w ater molecule. The link ed

amino acids are called residues. Figure 32 depicts a generic protein comp osed of three residues (amino

acids). In most con text, the terms amino acid and residue are used in terc hangeably . The primary structures

of appro ximately 50,000 naturally o ccurring proteins are curren tly kno wn and this n um b er is exp ected

to double ev ery y ear, due largely to the Human Genome Pro ject and the ease with whic h sequences are

exp erimen tally determined (71:5)(91 ). In fact, the sequence determination and also fabrication is fully

automated.
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Figure 32. A Three Amino Acid Protein

Subsequences of proteins tend to exhibit regular patterns. Tw o common patterns are �-helices and

�-sheets. These describ e the secondary structure of a protein (8:24). Secondary structures result only when

at least four or �v e consecutiv e amino acid residues ha v e similar � and  v alues (57). Some researc hers are

in v estigating the utilit y of predicting secondary structure as the �rst step of tertiary structure prediction

(69:50). This tec hnique has had limited success. The problem is that ev en though certain residues are found

more frequen tly in sp eci�c secondary structure, the greatest preference is only t wice that of other secondary

structures. In most cases, the preference is m uc h smaller (108 :422). T able 22 iden ti�es the v alues for ( �;  )

angle pairs that according to Horton (57 ) ideally de�ne commonly o ccurring secondary structures.

T able 22. �;  P airs of Common Secondary Structures

Secondary Structure phi( �) psi(  )

� helix (righ t handed) -57 -47

� helix (left handed) 57 47

3 10 helix (righ t handed) -49 -26

An tiparallel � sheet -139 235

P arallel � sheet -119 113

Collagen helix -51 153

T yp e I I turn (second residue) -60 120

T yp e I I turn (third residue) 90 0

F ully extended c hain -180 -180

The three-dimensional structure of a protein is the ma jor determinan t of its function. This three-

dimensional shap e is called the tertiary structure or conformation of the protein. Proteins assume their
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Bond Length

Figure 33. Protein Bond Length

native conformation, whic h is unique and compact, in their natural biological en vironmen t (t ypically in

aqueous solution, at neutral pH and 20{40

�
C) (8, 71). A protein in its nativ e conformation is only sligh tly

more stable than the v arious conformations with marginally higher energies. Normally , there is only a 10

k cal/mol energy di�erence b et w een the completely folded and unfolded conformations. This single fact is

resp onsible for the ma jor di�cult y of the protein folding problem (8:24{25) (71:2{4) (69:50).

There are t w o principle co ordinate systems used to iden tify the p osition of the atoms in a molecule.

The Cartesian co ordinate system uses a three dimensional co ordinate ( xi; yi; zi ) , 1 � i � n, where n is the

n um b er of atoms in the molecule. An arbitrary atom, usually C�1 is assigned to the origin. This system

is most useful to compute the distance, dij =

p

( xi � xj ) + ( yi � yj ) + ( zi � zj ), b et w een t w o atoms. With

this system eac h molecule has 3 n degrees of freedom.

In ternal co ordinates is the other co ordinate system. The dihedral angle approac h de�nes p osition of all

atoms in a protein from the p osition of one atom (usually at the origin), the bond length of eac h co v alen tly

b onded pair of atoms, the bond angle formed b y eac h triplet of b onded atoms, and the dihedral angle formed

b y eac h b onded group of four atoms (see Figures 33 - 35). Giv en this set of parameters, ev ery protein

has 3 n � 6 degrees of freedom where n is the n um b er of atoms. Ho w ev er, the b onds and b ond angles are

relativ ely rigid, therefore the indep enden t dihedral angles are left as the only dominan t factor to determine

the tertiary structure of a protein and the degrees of freedom are reduced b y a factor of appro ximately 2/3

(8:26) (69:50).

Eac h amino acid con tains a �,  , and ! dihedral angles and zero or more �i dihedral angles as sho wn

in Figure 32.
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If w e discretize the domain of the dihedral angles so that there are d p ossible v alues, then the size of the

searc h space is giv en b y dN where N is the n um b er of indep enden tly v ariable dihedral angles. Giv en a v ery

coarse 20

�
discretization of the 0 � 360

�
dihedral angle domain and a small protein with 24 indep enden tly

v ariable dihedral angles, the searc h space con tains 18

24 � 1 :3 � 10

30
conformations. T able 23 sho ws the time

required to en umerate the searc h space on curren t and en visioned high p erformance computers (under the

optimistic assumption of one ev aluation p er clo c k cycle)(107:7)! (Giga-, T era-, and P eta-FLOP computers

p erform 10

9; 10

12
, and 10

15
oating p oin t op erations p er second, resp ectiv ely) Therefore, if w e hop e to �nd

the single nativ e conformation of a protein, w e m ust ha v e access to e�cien t searc h algorithms that sev erely

prune the searc h space.

T able 23. En umeration Time of a 1 :3 � 10

30
Searc h Space at One Solution p er Clo c k Cycle

Computer Sp eed Execution Time (y ears)

1 GigaFLOP � 41 trillion

1 T eraFLOP � 41 billion

1 P etaFLOP � 41 millio n

A.2 Experimental Tertiary Structure Determination

In comparison with the n um b er of kno wn protein sequences, the n um b er of kno wn nativ e conforma-

tions at high resolution is extremely small (less than 4000). The tertiary structures of these proteins ha v e

b een determined exp erimen tally using either X-ra y crystallograph y or n uclear-magnetic-resonance (NMR)

sp ectroscop y . These tec hniques are inadequate for the task b ecause they tak e up to sev eral y ears to obtain

results for a single protein (8:25)(71 :5). Th us, the quest is on for a metho d to accurately predict the structure

without actually observing it. Ev en if this is not accomplished, a metho d that predicates the p osition of the

bac kb one atoms can reduce the time required for exp erimen tally determination to less than a y ear.

A.3 Tertiary Structure Prediction (PFP)

T o reduce the gap b et w een the n um b er of kno wn protein sequences and nativ e conformations, w e need

to b e able to reliably predict the tertiary structure of proteins in a reasonable amoun t of time. Exact v ersions

of the classical metho ds discussed next are theoretically capable of �nding the nativ e tertiary structure of

an y protein. In practice, the computational cost of the calculations prohibits the use of these exact metho ds.

The classical metho ds that are computationally viable are t ypically relaxed form ulations that ignore the

high-order in teraction terms. The applicabilit y of the other prediction metho ds discussed b elo w is sev erely

limited.
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A.3.1 Classical Prediction Methods. Molecular dynamics is a tec hnique that attempts to sim ulate

the protein folding pro cess. The protein is treated as an N-b o dy sim ulation and Newton's motion equations

are solv ed to determine the lo cation of all the atoms at discrete p oin ts in time. Molecular dynamics faces

t w o ma jor di�culties in its attempt to fold proteins. First, the n um b er of atoms that m ust b e sim ulated is

v ery large:

1. Small proteins con tain h undreds of atoms.

2. Larger proteins can b e comp osed of sev eral ten-thousands of atoms.

3. Thousands of atoms m ust b e added to sim ulate the surrounding solution.

Second, the thermal oscillations of b onded atoms ha v e a p erio d b et w een 10

�14� 10

�13
seconds. Sim u-

lation time steps in the fem tosecond (10

�15
sec) range are required to accurately accoun t for these harmonics.

These t w o factors ha v e limited molecular dynamics sim ulations to less than a few nanoseconds (10

�9
sec),

ev en on to da y's fastest sup ercomputers. That time-frame is ten orders of magnitude to o short to sim ulate

the folding pro cess of most proteins (8:27)(71 :6{7). Using an extended-atom representation is one metho d

that can greatly reduce the impact of these t w o problems. The extended-atom represen tation com bines h y-

drogen atoms with the hea vier atoms they are b onded to. This represen tation generally halv es the n um b er

of \atoms" in the problem and allo ws the size of the sim ulation time steps to b e increased (6:189).

The energy minimization approac h assumes that proteins, lik e other ph ysical systems, assume that

state whic h minimi zes total energy in the system (ho w ev er, this assumption is not univ ersally accepted

(58)). There are three t yp es of energy minim ization metho ds that di�er b y their time complexit y and the

accuracy of their calculations. Ab initio metho ds calculate the energy exactly . Semi-empirical metho ds

eliminate the non-dominating in teraction in tegrals from the calculation. Force-�eld metho ds simply accoun t

for the pairwise in teractions b et w een atoms with an appropriate parameterization that implicitly accoun ts for

m ulti-particle in teractions (71:6). T able 24 compares the time complexit y of these three energy minimi zation

mo dels and giv es example execution times for a mo derately sized protein ( n = 1000) assuming the individual

comp onen t calculations tak e one nanosecond (10

�9
sec).

T able 24. Time Complexit y of Energy Minimization Metho ds

Energy Calculation Time Time Estimate

Metho d Complexit y for n = 1000

ab initio O ( n5 ) 11.5 da ys

semi-empirical O ( n4 ) �O ( n3 ) 17 min - 1 sec

force-�eld O ( n2 ) 1 msec

CHARMM and ECEPP are examples of force �eld energy mo dels. The ECEPP/2 energy mo del is

sho wn in Figure 36. Its four terms represen t the energy due to dihedral angle deformation, non-b onded

in teractions, electrostatic in teractions, and h ydrogen b ond energy resp ectiv ely . ECEPP is the most widely
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Where

� D is the set of 4-tuples de�ning ! and � dihedrals,

� N is the set of non-b onded atom pairs,

� H is the set of h ydrogen b onding atom pairs,

� rHX is the donor-acceptor distance,

� rij is the distance b et w een atoms i and j ,

� � ijkl is the dihedral formed b y atoms i; j; k; and l ,

� qi is the partial atomic c harges of atom i,

� the U0ijkl 's, nijkl 's, Fij 's, �ij 's, r0 's, and D are empirically determined constan ts.

Figure 36. ECEPP/2 Energy Mo del as Implemen ted b y A GCT

used energy mo del in PSP researc h. Our initial test molecule, Met-enk ephalin, the accepted nativ e structure

has b een iden ti�ed b y minim i zations on the ECEPP mo del. It is a p olyp eptide sp eci�c energy mo del, th us

it has limited utilit y for W righ t Labs researc h in to no v el materials. The CHARMM (6) energy mo del is

sho wn in Figure 37. The �v e terms (whic h w e denote EB , EA , ED , EN , EN 0
) represen t the energy due

to b ond stretc hing, b ond angle deformation, dihedral angle deformation, non-b onded in teractions, and 1-4

in teractions, resp ectiv ely . Other terms are a v ailable but are not implem en ted b ecause their con tributions

are insigni�can t.

A.3.2 Other Prediction Methods. Structure prediction b y homology attempts to align the sequence

of a protein with an unkno wn tertiary structure with one whose nativ e conformation is kno wn (71). It has

b een observ ed that if the sequences are similar, then the conformations are frequen tly nearly iden tical. An

extension of homology , called sequence-structure alignment, builds a partial monotonic mapping directly from

the sequence of the unkno wn protein to the kno wn tertiary structure of the similar protein. The di�erences

b et w een the t w o structures are usually surface c haracteristics built up on the same core structure. Both of
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Where

� B is the set of b onded atom pairs,

� A is the set of atom triples de�ning b ond angles,

� D is the set of atom 4-tuples de�ning dihedral angles,

� N is the set of non-b onded atom pairs,

� N 0
is the set of 1-4 in teraction pairs,

� rij is the distance b et w een atoms i and j ,

� � ijk is the angle formed b y atoms i; j; and k ,

� � ijkl is the dihedral angle formed b y atoms i; j; k; and l ,

� qi is the partial atomic c harges of atom i,

� the Krij 's, req 's, K�ijk
's, � eq 's, K�ijkl 's, ijkl 's, Aij 's, Bij 's, and " are empirically determined constan ts

(tak en from the QUANT A parameter �les).

Figure 37. CHARMM Energy Mo del as Implemen ted b y A GCT
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these metho ds are sev erely limited b y our tin y database of curren tly kno wn protein structures. They are

also incapable of predicting the nativ e conformation of proteins with no v el structures (71 :7{9).

Simpli�cation tec hniques are used as metho ds to reduce the conformational searc h space to a size

that will to to da y's algorithmic searc h strategies (8). Lattice mo dels reduce three-dimensional space to a

structured grid, where atoms can only b e placed on the grid p oin ts. The grid is designed to accommo date

the t ypical connections observ ed in real proteins. In suc h a discrete searc h space, the protein can b e mo deled

as a w alk on the lattice p oin ts, th us allo wing for classical searc h tec hniques. The disadv an tage is an ob vious

lose of �delit y b y attempting to represen t a con tin uous domain with a discrete appro ximation. F urther

simpli�cations ha v e b een obtained b y reducing or eliminating the explicit represen tation of side-c hains (71:9{

10). Dropping the side-c hains will reduce the n um b er of v ariable b y up to one half. The optimal "fold" can

b e de�ned with just the bac kb one represen tation. But the minima l energy conformation m ust also consider

con tributions from the side c hain.
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Appendix B. Background on Genetic Algorithms

This app endix is a bac kground discussion of genetic algorithms (GAs). Most material has app eared

in previously AFIT theses, Brinkman (5), Dymek (23 ), Gates (35), and Merkle (77 ). Section B.2 pro vides a

historical con text for ev olutionary algorithms. Sections B.3 through B.5 presen t the theory and mec hanics

of simple GAs (SGAs), messy GAs (mGAs), and fast messy GAs (fmGAs) resp ectiv ely . Finally , Section 2.5

describ es tec hniques used to parallelize genetic algorithms.

Genetic algorithms (GAs) are a sto c hastic searc h tec hnique lo osely based on natural ev olution and

the Darwinian concept of \Surviv al of the Fittest" (41 :1)(56 ). A generalized genetic algorithm consists of

a population of encoded solutions that are manipulated b y a set of operators and ev aluated b y some �tness

function that determines whic h solutions surviv e in to the next generation.

F or our purp oses, searc h and optimization tec hniques fall in to t w o broad categories: deterministic (a

com bination of calculus-based and en umerativ e) and sto c hastic (random) metho ds (41:2). Greedy algorithms,

hill-clim bing, calculus-based metho ds, and branc h and b ound tree/graph searc h tec hniques are all examples

of deterministic approac hes (4). These metho ds ha v e b een successfully used to solv e a wide v ariet y of

problems. Ho w ev er, there is an ev en greater n um b er of large dimensional problems that are discon tin uous,

m ulti-m o dal , or NP-complete where deterministic metho ds are ine�ectiv e (41 :3{6)(31 , 34 ). The main short

coming for deterministic metho ds is their requiremen t for some amoun t of problem sp eci�c kno wledge to

direct or limit the searc h. F or example:

1. Hill-clim bing algorithms are limited unimo dal functions

2. Greedy algorithms assume optimal sub-solutions are always part of the optimal solution (4:80)(65 )

3. Calculus-based metho ds require con tin uit y (68:167)

4. Branc h and b ound searc h tec hniques need problem sp eci�c heuristics/decision algorithms to limit the

searc h space (34 , 95 )

A partial list of problem c haracteristics that can mak e deterministic searc h tec hniques unsuitable for a

particular problem includes: m ulti-m o dal and/or discon tin uous solution spaces, exp onen tial searc h spaces

(NP-complete problems), and limited domain kno wledge (no heuristics). Problems that exhibit one or more

of these c haracteristics are called irregular (67).

Sto c hastic searc h and optimization approac hes (sim ulated annealing, ev olutionary strategies, ev olu-

tionary programming, genetic algorithms, Mon te-Carlo tec hniques) ha v e b een dev elop ed as an alternativ e to

deterministic tec hniques (41, 82). The only requiremen ts for sto c hastic metho ds are a function that assigns

�tness v alues to p ossible solutions and an enco de/deco de b et w een the algorithm and problem spaces. Al-

though these metho ds cannot guaran tee the optim um solution, in general they can pro vide good solutions to a

wide range of problems that ma y b e irregular and/or exp onen tially to o large dimensionally for deterministic
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metho ds (41 :6{7)(65 ). Sim ulated annealing and Mon te-Carlo tec hniques, in addition to GAs, are frequen tly

applied to the PSP problem.

This app endix reviews the curren t literature on genetic algorithms starting with a short historical

p ersp ectiv e of ev olutionary algorithms in section B.2. Sections B.3, B.4, and B.5 discuss the rationale and

mec hanics of simple GAs, messy GAs, and fast messy GAs resp ectiv ely . Finally , section 2.5 summarizes the

curren t state of parallel genetic algorithms.

B.1 Brief History of Evolutionary Algorithms

Ev olutionary mo dels based on natural selection and genetic theory started app earing during the late

1950s and early 1960s. The �rst w orking mo dels w ere computer sim ulations of genetic and biological systems.

The idea of using algorithms that mo del natural ev olution as searc h and optimization tec hniques b egan in the

late 1960s and 1970s (41 :89{104). The class of metho ds called ev olutionary algorithms (EAs) is comp osed

of three main categories based on that early w ork: Ev olutionary Programmi ng (EP), Genetic Algorithms

(GAs), and Evolutionstrategie (Ev olution Strategies, ESs) (3, 17 ) (41:104{106). Ho w ev er, this taxonom y

is not univ ersally accepted. Man y authors categorize only EP and ESs as Ev olutionary Algorithms, and

put GAs in a separate category b y themselv es (30:24). Ev en though sim ulated annealing (SA) is based

on thermo dynamics, it's often asso ciated with ev olutionary algorithms b ecause it uses a m utation op erator

(105 :17). Ho w ev er, SA fail other \test" for inclusion with EA's b ecause it op erates on a single candidate

solution rather than a p opulation. Also di�cult to categorize are h ybrid com binations, suc h as GAs with

deterministic lo cal searc h or GAs with no v el data represen tations. Suc h algorithms are simply called EAs

(83).

F ogel, Ow ens, and W alsh �rst prop osed the tec hnique kno wn as ev olutionary programming. Ev olu-

tionary programmi ng tries to generate computational biological ev olution through a pro cess that allo ws the

surviv al of organisms that resp ond appropriately to a giv en en vironmen t. That is, it attempts to ev olv e

a Finite State Mac hine (FSM). It has b een applied to problems suc h as sequen tial sym b ol prediction and

pro cess con trol. EP usually op erates on the comp onen ts of abstractions suc h as �nite state mac hines or

programming languages (3 ) (31) (32).

Ev olution strategies w as conceiv ed b y Ingo Rec hen b erg and Hans-P aul Sc h w efel at the T ec hnical Uni-

v ersit y of Berlin while they w ere searc hing for optimal airfoil shap es. The original form ulation consisted of

a one-mem b er p opulation that w as op erated on b y m utation only . The represen tation consisted of a pair of

real-v alued v ectors ( V = hx; �i) where the �rst v ector, x, represen ts a solution and the second v ector, � , is

a v ector of standard deviations. The m utation op erator creates a new individual at the t generation using a
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normal distribution with zero mean as follo ws:

xt+1 = xt + N (0 ; � ) (17)

V arious re�nemen ts ha v e b een made to this original design including p opulation sizes greater than one,

recom bination op erators, and dynamic c hanges to the v ector � (84:160{164)(3 ).

B.2 Origins of Genetic Algorithms

John Holland's w ork on adaptiv e systems is recognized as the fundamen tal b eginning of genetic algo-

rithms. Previous researc hers had used computers to sim ulate ev olutionary systems, and F raser ev en tried to

optimize a phenot yp e

1
function, but nob o dy b efore Holland recognized the role that nature's ev olutionary

pro cess could pla y in searc h and optimization (41). The em bark ation p oin t for all GA researc h is Holland's

\Adaptation in Natural and Arti�cial Systems" (55 ) whic h established the mathematical basis for GAs, in-

cluding the then unnamed Schema Theorem or Fundamental Theorem of Genetic Algorithms, discussed in

Section B.3.3, and generalized sc hemes for repro duction, crosso v er, m utation, and in v ersion (41:89{92).

Three other names ha v e come to b e synon ymous with GA researc h: Kenneth A. De Jong, Da vid

E. Goldb erg, and John J. Grefenstette. De Jong's dissertation (18) put Holland's theory to the test and

in tro duced GA infrastructure that is still in use to da y (a suite of test functions and p erformance measures).

Although his dissertation fo cused on function optimization, most of his w ork to date concerns his broader

in terest in mac hine learning (103 , 19, 20). Goldb erg b egan b y applying genetic algorithms to mac hine

learning and optimization problems. His most recen t e�orts include w ork on optimal GA p opulation sizes

and alternate GA paradigms (messy GAs and fast messy GAs) to com bat deceptiv e problems (41:387{389)

(45, 43 ). Grefenstette is probably b est kno wn for his genetic algorithm implemen tation, GENESIS, whic h

has b een used as a basic GA w orkb enc h b y man y researc hers, including those at AFIT (51 ). He has also

w ork ed on optimal GA parameter sets and mac hine learning using genetic algorithms (49 , 53 , 50, 52).

B.3 Simple Genetic Algorithm (SGA)

Simple genetic algorithms are based on theories of natural genetics and therefore share some of the

same terminology . Figure 38 illustrates the follo wing terms. A string or chromosome con tains genes that

enco de a solution to a particular problem. A locus and allele are asso ciated with the gene. The lo cus, or

p osition of a gene generally determines problem asso ciation. A gene is giv en only one v alue or allele at a

1The term phenotype refers to the traits expressed by an individual, in this case the value returned by a function. Contrast
this with genotype which refers to the traits that de�ne the individual, for example the parameters of the function
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time from a set of v alues (the alleles) allo w ed for that gene. A bag of strings is called a population. A genetic

algorithm evolves p opulations to w ard b etter solutions of the enco ded problem b y generations.

{ -- Chromosome (String)
-- Chromosome (String)

-- Chromosome (String)

Locus
(Position)

1 2 3 4 5 6 7 8 9 10

Allele (Value) = 0

Allele (Value) = 1

1 0 1 1 1 1 0 0 1 0
1 0 1 0 0 0 1 1 1 0
0 0 1 1 1 1 1 0 0 0
0 1 0 0 1 0 1 1 1 1

0 0 1 1 0 1 0 1 1 0
00 0 1 0 1 0 1 1 0

1 0 1 1 0 0 0 1 0 1
1 0 0 0 0 1 1 1 1 1
0 1 1 1 0 1 1 0 0 0
0 1 1 0 0 1 0 0 1 0Population

Figure 38. Simple Genetic Algorithm Data Structures and T erminology

Most SGA implemen tations use strictly binary enco dings of the problem parameters, usually in a form

suc h that xmin corresp onds to a string of all 0's, xmax corresp onds to a string of all 1's and there is a

linear mapping of all v alues b et w een xmin and xmax . Some problems ma y b ene�t from the use of Gra y co de

parameter enco ding (41 :101). In Gra y co de, the enco ding of successiv e in tegers di�er b y a single bit (66 :40). It

impro v es a m utation op erator's c hance of making incremen tal impro v emen ts, th us increasing the exploitation

of fa v orable p ortions of the searc h space. Higher cardinalit y enco dings ha v e also b een in v estigated for certain

other problems, most notably com binatoric problems (92, 106 ). The problem enco ding is a v ery imp ortan t

design decision in the form ulation of a genetic algorithm to solv e a sp eci�c problem. Binary o�ers the

greatest domain indep endence while other represen tations are often more \natural" for, but limited to, a

sp eci�c problem.

B.3.1 Simple Genetic Algorithm Operators. The three standard op erators asso ciated with simple

genetic algorithms are selection, crossover, and mutation (41, 84). Ab o v e-a v erage individuals of a p opulation

are selected to b ecome mem b ers of the next generation more often than b elo w-a v erage individuals. Crossover

recom bines pieces of solutions to test di�eren t com binations of existing solutions. In the absence of other

op erators, selection and crosso v er will ev en tually force a p opulation of solutions to converge to a single

solution (41:14) (47 ). Mutation is an op erator designed to encourage div ersit y in a p opulation so that

con v ergence o ccurs more slo wly and more of the solution space can b e explored.
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Figures 39 and 40 illustrate the function of single-point crossover and bitwise mutation resp ectiv ely

on binary enco ded strings that are ten bits long. Crosso v er op erates on t w o strings, called the paren ts, to

create t w o new strings, called the c hildren. After t w o paren ts and a crosso v er p oin t ha v e b een arbitrarily

c hosen, the bits after the crosso v er p oin t are exc hanged to create the c hildren. Mutation is a unary op erator

that tak es one string as input, arbitrarily c ho oses a bit p osition within the string, and c hanges the bit in

that p osition to the opp osite v alue. Man y other crosso v er and m utation op erators are p ossible, and indeed

necessary , to exhibit di�eren t recom bination c haracteristics and op erate on alternate enco dings (106 , 112 ).

CROSSOVER
POINT

0 011101110

01 1 10 0 1 0 1 1PARENT #1

PARENT #2

0 111101110

0 01 10 0 1 0 1 1CHILD #1

CHILD #2

Figure 39. Single-P oin t Crosso v er

MUTATION
POINT

0 110110100

10 0 1 0 1 1 0 1 1INPUT

OUTPUT

Figure 40. Bit wise Mutation

Figure 41 represen ts the op eration of a proportional selection op erator, called roulette-wheel selection,

on t w o di�eren t p opulations of four strings eac h. Eac h string in the p opulation is assigned a p ortion of the

wheel prop ortional to the ratio of its �tness and the p opulation a v erage �tness. In the �rst case where the

S1 12
S2 12
S3 12
S4 12

mean 12

String Fitness

S1 S2

S4 S3

String Fitness

20
10
5
5

10

S1
S2
S3
S4

mean

S1

S2
S4

S3

Figure 41. Roulette Wheel Selection

74



�tnesses are equal, eac h string is giv en an equal share of the wheel (it is equi-lik ely that an y of the four

strings is selected for the next generation). In the second example, S 1 is t wice as lik ely to b e selected for

the next generation as S 2, whic h is t wice as lik ely to b e selected in to the next generation as either S 3 or

S 4. As with crosso v er and m utation, man y other selection op erator v ariations are p ossible, eac h with its

o wn c haracteristic e�ect on con v ergence. Rank-based and tournament are notable selection op erators, and

the elitist strategy is a mo di�cation that can b e used with an y selection op erator (41, 105 , 110 ).

The three op erators (crosso v er, m utation, and selection) and an ev aluation function are assem bled

according to the pseudo algorithm sho wn in Figure 42 to create a simple genetic algorithm. Figure 43 is a

graphic represen tation.

1. randomly generate initial p opulation

2. ev aluate �tness of all p opulation mem b ers

for i = 1 to the maxim um n um b er of generations and

not some other stopping condition

3. p erform selection

4. p erform crosso v er

5. p erform m utation

6. ev aluate �tness of all p opulation mem b ers

end lo op

Figure 42. Pseudo Algorithm for Simple GAs

1

2

3

4

P(t + 1)

µ−1

µ

1

2

3

4

P(t)

µ−1

µ

Mutation
Recombination

Selection

Figure 43. Simple Ev olutionary Algorithm (GA)
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B.3.2 Simple Genetic Algorithm Parameters. The most di�cult part of genetic algorithms is

selecting a parameter set that will generate the b est p erformance (e�ciency and e�ectiv eness). E�ciency is

a measure of the computer resources (cpu time, memory) required to obtain a solution. E�ectiv eness relates

the solution qualit y of v arious algorithms. Both measures are relativ e to the sp eci�c problem b eing tac kled

and tradeo�s can b e made b et w een the t w o.

Some in terrelated SGA parameters include: p opulation size, crosso v er probabilit y , and m utation prob-

abilit y . Theoretical analysis and empirical studies ha v e b een accomplished to form ulate estimates of what

eac h of these parameters should b e to encourage a robust searc h that terminates with a near-optimal solution

(42, 99). While these t w o particular studies seem at o dds with eac h other, their conclusions are based on

en tirely di�eren t measuremen ts of GA progress. Sc ha�er's empirical study is aimed at maxim izing on-line

performance or progress to w ard optimal solutions (e�ciency) without regard for the �nal solution. Gold-

b erg's theoretical w ork mak es conserv ativ e c hoices to establish con�dence lev els for the optimalit y of a �nal

solution (e�ectiv eness) and ignores the astronomical resource costs required to ac hiev e it.

Man y relationships ha v e b een observ ed b et w een parameter settings and p erformance. Increasing the

p opulation size generally impro v es the �nal solution, ho w ev er the increase in execution time b ecomes pro-

hibitiv e (18, 40 ). P opulation size has b een sho wn to exhibit an in v erse relationship with m utation rate and,

to a lesser exten t, crosso v er rate (99:55). Although there is no evidence so far of an y correlation b et w een

crosso v er and m utation probabilities it is generally accepted that using crosso v er without m utation is insuf-

�cien t for a robust searc h (25, 65, 100 ). Ho w ev er, it has b een p ostulated (esp ecially from the other branc hes

of ev olutionary algorithms) that m utation is the only necessary op erator (30, 100 ). Other researc hers are ex-

amining the e�ects of c hanging parameter settings during GA execution, either on some prede�ned sc hedule

or p ossibly b y monitoring GA metrics during the run (16 , 28 ).

B.3.3 Mathematical Theory of How (Why) Simple GAs Work. Schemata are templates that de�ne

sets of strings with the same v alues at certain string p ositions and are represen ted using an additional don't

care sym b ol (*) (41 :19,29). F or example, the sc hema *101 represen ts the set of strings f0101, 1101 g and

the sc hema 1*0*01 de�nes the set f100001, 100101, 110001, 110101 g. The de�ning length ( � ( H )) and order

( o( H )) are t w o v alues asso ciated with a particular sc hema H . The de�ning length of a sc hema is a measure of

the distance b et w een the �rst and last �xed p ositions. The order of a sc hema is the n um b er of p ositions with

�xed v alues. Using the sample sc hemata from ab o v e � ( �101) = 4 � 2 = 2, o( �101) = 3, � (1 � 0 � 01) = 6 � 1 = 5,

and o(1 � 0 � 01) = 4.

The Sc hema Theorem, represen ted b y
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m( H; t + 1) � m( H; t) �
f ( H )

�f

�

1 � pc
� ( H )

l � 1

� o( H ) pm

�

; (18)

establishes a lo w er b ound on the n um b er of represen tativ es sc hema H will ha v e in the next generation

( m( H; t + 1)) based on the:

1. n um b er of represen tativ es in the curren t generation ( m( H; t)),

2. �tness of sc hema H vs the p opulation a v erage �tness (

f(H)

�f
),

3. string length, de�ning length, and probabilit y that sc hema H will b e destro y ed b y crosso v er ( pc
�(H)

l�1 ),

and

4. order and probabilit y that sc hema H will b e destro y ed b y m utation ( o( H ) pm ).

Although it w ould app ear that genetic algorithms op erate only on the sp eci�c strings in a p opulation,

it has b een sho wn that man y of the 2

l
sc hemata in eac h string are pro cessed sim ultaneously ( implicit

parallelism (55:71{72)(41 :40)). The F undamen tal Theorem of Genetic Algorithms (Sc hema Theorem) states

that all sc hemata will receiv e represen tation in the next generation prop ortional to the ratio of their �tness

to the a v erage �tness of the p opulation. This represen tation is reduced b y the amoun t of disruption that

crosso v er and m utation can cause to a sc hema. More succinctly ,

short, lo w-order, ab o v e-a v erage sc hemata receiv e exp onen tially increasing trials in subsequen t

generations (41:33).

B.3.3.1 Complexity Analysis. Using the standard SGA op erators, the time complexit y of

selection, crosso v er, and m utation are generally O ( nl ) where n is the p opulation size and l is the string length.

Giv en a �xed n um b er of generations, SGA execution time is O ( nl ) (21). Ho w ev er, the time complexit y of the

�tness function for real-w orld problems (expressed as some function of the string length and problem space

parameters) usually dominates the time to execute the genetic algorithm con trol sequence (88 ), therefore

great care should b e tak en in its analysis and design.

It is easy to see that the space complexit y of a simple genetic algorithm is also O ( nl ) b ecause the

p opulation of solutions has to b e stored. Ho w ev er, the space complexit y can also b e a�ected b y the data

structure requiremen ts of sp eci�c problems. F or example, a function that relies on a lo okup table to ev aluate

solutions requires more space. If that space is related to the problem size in a w a y that mak e the lo okup

table gro w faster than the p opulation size and string length, then the problem space requiremen ts dominate

the space complexit y of the en tire GA algorithm.
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B.4 Messy Genetic Algorithm (mGA)

Genetic algorithms are designed to tak e adv an tage of the building block theory (33, 41, 55 ). The main

idea is that small pieces of a solution whic h exhibit ab o v e a v erage p erformance are com bined to create larger

pieces of ab o v e a v erage qualit y , whic h are themselv es recom bined in to larger pieces, and so forth.

Simple genetic algorithms su�er from the fact that the \pieces" that form the building blo c ks m ust

b e put next to eac h other explicitly in the �xed enco ding or else they are more lik ely to b e disrupted b y

crosso v er. This problem is magni�ed when comp eting sc hemata (sc hemata with di�eren t v alues at similar

de�ning p ositions) de�ne lo cally optimal solutions. Deception o ccurs when a lo cally optimal building blo c ks

are selected instead of globally optimal ones. Messy genetic algorithms (mGAs) w ere designed to deal with

these problems b y enco ding the string p osition (lo cus) along with its v alue (allele). This giv es a messy

genetic algorithm the abilit y to searc h for the \true" building blo c ks of the problem and create tigh ter

linkage for those genes than a �xed p osition enco ding w ould allo w (46). The mGA enco ding sc heme also

allo ws under-speci�ed and over-speci�ed strings to exist in the p opulation. Under-sp eci�ed strings don't ha v e

an allele de�ned for ev ery lo cus and are ev aluated with the aid of a lo cally optimal competitive template that

supplies v alues for the unsp eci�ed genes. Ov er-sp eci�ed strings con tain m ultiple alleles sp eci�ed at the same

lo cus and are pro cessed in a left-to-righ t fashion whic h sets the gene to the v alue encoun tered �rst. The

desire to create and manipulate sup erior building blo c ks is the motiv ation b ehind messy genetic algorithms

(45, 45, 44 ).

B.4.1 Messy Genetic Algorithm Operators. Messy GAs use v ariations of the same genetic op erators

used b y simple GAs. In the few implemen tations of mGAs that exist (45, 46, 44 , 77 ), tournamen t selection has

b een used instead of prop ortional or rank-based selection b ecause of its desirable p erformance c haracteristics

(45:50)(26 , 42). The tournamen t selection op erator also has a thresholding mec hanism added to it whic h

ensures that strings ha v e a n um b er of p ositions in common b efore comp etition is allo w ed (44:424{427).

Crosso v er is replaced b y a com bined cut-and-splice op erator that w orks on v ariable length strings. As the

names suggest, cut divides a string in to t w o smaller pieces and splice concatenates t w o strings to form a

single, longer string. A m utation op erator that can c hange a gene's v alue or its p osition has b een describ ed

but un used in an y mGA implemen tatio ns (46 :504).

Messy GAs emplo y a di�eren t initialization strategy compared to SGAs. The main pro cessing lo op of

an mGA is comp osed of primordial and juxtapositional phases. During partially enumerative initialization

(PEI), exactly one cop y of eac h p ossible building blo c k of the sp eci�ed size ( k ) is generated. Th us, the initial

p opulation size for a messy GA is generally quite large (2

k
�

l
k

�

) (46:420). The primordial phase serv es t w o

basic purp oses: enric h the p opulation with ab o v e a v erage building blo c ks and reduce the p opulation to a

size that can b e e�cien tly and e�ectiv ely pro cessed b y the juxtap ositional phase. T ournamen t selection, the
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only activ e op erator during the primordial phase, �lls the p opulation with ab o v e a v erage building blo c ks,

then p erio dically the p opulation size is halv ed. No additional �tness ev aluations are required during the

primordial phase. The juxtap ositional phase is most similar to the main pro cessing lo op of a simple GA

(46:506). Cut-and-splice and an y other genetic op erators are applied, �tness ev aluations are p erformed on

the newly created strings, and tournamen t selection b olsters the next generation with highly �t solutions.

A pseudo algorithm for messy GAs is sho wn in Figure 44.

1. p erform partially en umerativ e initialization

ev aluate �tness of all p opulation mem b ers

2. for i = 1 to the maxim um n um b er of primordial generations

p erform tournamen t selection

if (a suitable n um b er of generations ha v e transpired) then

reduce the p opulation size

end if

end lo op

3. for i = 1 to the maxim um n um b er of juxtap ositional generations

p erform cut-and-splice

p erform other op erators (curren tly not used)

ev aluate �tness of all p opulation mem b ers

p erform tournamen t selection

end lo op

Figure 44. Pseudo Algorithm for Messy GAs

B.4.2 Messy Genetic Algorithm Parameters. The ma jor parameter settings asso ciated with messy

GAs are p opulation size, cut-and-splice probabilities, and a sc hedule for reducing the p opulation size. Initial

p opulation size can b e calculated once the string length and blo c k size ha v e b een determined. String length

is simply a function of the enco ding used, but blo c k size is a problem dep enden t quan tit y that ma y b e

di�cult to estimate. The �nal p opulation size at the end of the primordial phase is ev en less quan ti�able!

The splice probabilit y is consisten tly set to 1.0 with the follo wing rationale: the primordial phase ends with

a p opulation of optimal building blo c ks whic h should only require assem bly to form a complete string that

is a near-optimal solution (45:25). The c hosen cut probabilit y is scaled b y the curren t length of a string so

that longer strings are more lik ely to b e cut than shorter strings. The sc hedule for reducing p opulation size

during the primordial phase t ypically allo ws for t w o or three generations of enric hmen t follo w ed b y cutting

the p opulation in half (46 :505). No theoretical or empirical w ork has b een accomplished to pro vide an y

guidance for �nal primordial p opulation size, cut probabilit y , or p opulation reduction sc hedules for messy

GAs.
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B.4.3 Mathematical Theory of How (Why) Messy GAs Work. The Sc hema Theorem (Equation 18)

is directly applicable to messy genetic algorithms. The rationale for messy genetic algorithms follo ws from

the theorem's in terpretation: \short, lo w-order, ab o v e-a v erage sc hemata receiv e exp onen tially increasing

trials in subsequen t generations." If the building blo c ks of a problem aren't enco ded as short, lo w-order

sc hemata then crosso v er and m utation will disrupt the formation of those building blo c ks.

F or problems using a �xed enco ding, where the iden ti�cation of building blo c ks is prohibitiv e or im-

p ossible, Goldb erg has calculated the normalized expected de�ning length (

h�i
l+1

) for k -sized building blo c ks

(Equation 19). The normalized exp ected de�ning length is a measure of the mean length of the sc hemata

that mak e up the building blo c ks of a randomly enco ded problem. The in terpretation is that an arbitrary

enco ding is highly unlik ely to establish tigh t link age for the building blo c ks of a problem (46 :498{499).

h�i

l + 1

=

k � 1

k + 1

(19)

Messy genetic algorithms tak e adv an tage of the Sc hema Theorem b y searc hing for b oth the de�ning

p ositions and gene v alues of the building blo c ks using PEI and the primordial phase. Then the juxtap ositional

phase of the messy GA starts with \short, lo w-order, ab o v e-a v erage" sc hemata that are also \short, lo w-order,

ab o v e-a v erage" building blo c ks!

B.4.3.1 Complexity Analysis. Because of the partially en umerativ e initialization (PEI), the

time complexit y of messy GAs is O ( lk ). This compares unfa v orably with the rest of the algorithm whic h is

only O ( l log l ) (44:420{422). Space complexit y remains unc hanged from simple genetic algorithms. Ho w ev er,

the constan t term is generally larger and the p opulation size ( n) is much larger! As is the case with simple

genetic algorithms, the time complexit y of the ev aluation function usually dominates that of the con trol

sequence.

B.5 Fast Messy Genetic Algorithm (fmGA)

The adv an tage messy GAs ha v e o v er simple GAs is the abilit y to create tigh tly link ed building blo c ks

for the optimization of deceptiv e problems. The disadv an tage asso ciated with this b etter pro cessing is the

time complexit y of the initialization phase whic h dominates the mGA algorithm (44 :422). F ast messy GAs

are a messy GA v arian t designed to reduce the complexit y of the initialization phase, and th us the o v erall

algorithm time and space complexit y (43:59).

B.5.1 Fast Messy Genetic Algorithm Operators. PEI and the selection-only primordial phase of

mGAs are replaced b y probabilistically complete initialization (PCI) and a primordial phase consisting of
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selection and building blo c k �ltering (BBF) in fmGAs. PCI and BBF are an alternate means of pro viding

the juxtap ositional phase with highly �t building blo c ks (43 :59{61).

PCI is used to create an initial p opulation whose size is equiv alen t to the p opulation size at the end

of the primordial phase of mGAs. The length of these strings is t ypically set to l� k . The primordial phase

then alternately p erforms sev eral tournamen t selection generations to build up copies of highly �t strings

follo w ed b y BBF to reduce the string length to w ard the building blo c k size ( k ). Building blo c k �ltering is a

simple pro cess that randomly deletes sev eral genes from a string. The juxtap ositional phase is the same as

in mGAs. A pseudo algorithm for fast messy GAs is sho wn in Figure 45.

1. p erform probabilistically complete initialization

ev aluate �tness of all p opulation mem b ers

2. for i = 1 to the maxim um n um b er of primordial generations

p erform tournamen t selection

if (a building blo c k �ltering ev en t is sc heduled) then

p erform building blo c k �ltering

ev aluate �tness of all p opulation mem b ers

end if

end lo op

3. for i = 1 to the maxim um n um b er of juxtap ositional generations

p erform cut-and-splice

p erform other op erators (curren tly not used)

ev aluate �tness of all p opulation mem b ers

p erform tournamen t selection

end lo op

Figure 45. Pseudo Algorithm for F ast Messy GAs

B.5.2 Fast Messy Genetic Algorithm Parameters. F ast messy GAs need a building blo c k �ltering

and thresholding sc hedule instead of the p opulation size reduction sc hedule required b y mGAs. Goldb erg

pro vides form ulas for deriving sc hedules (43:60{61), but the form ulas con tain additional parameters and no

guidance is giv en for c ho osing their v alues. The remainder of mGA parameters are used b y fmGAs as w ell.

B.5.3 Mathematical Theory of How (Why) Fast Messy GAs Work. F ast messy GAs are go v erned

b y the Sc hema Theorem (Equation 18) just lik e mGAs. The di�erence relates to ho w the p opulation of

\go o d" building blo c ks is created for pro cessing b y the juxtap ositional phase. Goldb erg p erforms a detailed

analysis to sho w that a m uc h smaller initial p opulation of long strings (PCI) can b e manipulated (through

BBF) to create a p opulation of \go o d" building blo c ks just as e�ectiv ely as PEI and the primordial phase

of mGAs (43 :60{61).
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B.5.3.1 Complexity Analysis. Reducing the o v erall time complexit y of the algorithm is the

main reason for switc hing from mGAs to fmGAs. PCI and BBF result in a time complexit y of O ( l log l )

for initialization and the primordial phase com bined (43:61). Th us, the design goal has b een met|fmG As

exhibit b etter e�ciency than mGAs ( O ( l log l ) vs O ( lk )) and preserv e their e�ectiv eness. Space complexit y

for fmGAs remains unc hanged from SGAs and mGAs ( O ( nl )) and p opulations can b e sized m uc h smaller

than mGAs. Again, the time and space complexities of the ev aluation function usually dominate those of

the con trol sequence.
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Appendix C. Background on Parallel Computing

This app endix con tains bac kground material on parallel computing, most of whic h has b een presen ted

in previous AFIT theses, Merkle (77 ). Tw o distinct but in terdep enden t asp ects of parallel computing are

presen ted. Section C.1 considers issues related to the design and implem en tation of parallel computer

arc hitectures. Section C.2 examines the design and implemen tation of algorithms whic h exploit application

parallelism.

C.1 Parallel Architectures

The v ast ma jorit y of computer arc hitectures in common use are based on the organization prop osed b y

v on Neumann in the 1940s, in whic h a single memory area is used to store b oth instructions and data. Suc h

arc hitectures are referred to as v on Neumann-based. V on Neumann-based parallel pro cessing systems can

b e categorized as Multiple Instruction Multiple Data (MIMD), Single Instruction Multiple Data (SIMD),

Multiple Instruction Single Data (MISD), or Single Instruction Single Data (SISD). A sp ecial case of the

MIMD category is the Single Program Multiple Data (SPMD) paradigm. Other arc hitectures exist, but

their use is primarily limited to researc h. The ma jorit y of commercially a v ailable parallel arc hitectures are

either SIMD or MIMD.

During an y giv en instruction cycle, all of the pro cessors of a SIMD arc hitecture execute the same

instruction, using di�eren t data. In order for the instructions to b e applicable to the data on all the

pro cessors, they m ust b e more general and therefore less p o w erful. As a result, the individual pro cessors ha v e

small instruction sets, making them relativ ely inexp ensiv e, so that it is cost e�ectiv e for SIMD arc hitectures

to include large n um b ers of pro cessors. SIMD arc hitectures with 64,000 pro cessors are fairly common. The

tradeo� is that for a �xed amoun t of memory , there is less memory p er pro cessor.

In con trast, the pro cessors of a MIMD arc hitecture act indep enden tly , and can tak e adv an tage of

more p o w erful instructions. Eac h pro cessor is more exp ensiv e, so that MIMD arc hitectures are t ypically

implemen ted with few er pro cessors than SIMD arc hitectures. This means that eac h pro cessor can b e allo cated

more memory .

A single pro cessor and its allo cated memory are together called a node. The relativ e computational

p o w er of eac h no de in a parallel arc hitecture is often referred to as the granularity of the arc hitecture. Most

SIMD arc hitectures are categorized as �ne grained b ecause they ha v e a large n um b er of no des, eac h of

whic h has a simple pro cessor with a small amoun t of memory . In con trast, most MIMD arc hitectures are

categorized as coarse grained b ecause they ha v e a relativ ely small n um b er of no des, eac h with a p o w erful

pro cessor and signi�can t memory .
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Figure 46. 4 � 4 Mesh In terconnection Net w ork

Some arc hitectures allo w pro cessors to access memory allo cated to other pro cessors, or simply allo w

all the pro cessors to access a single global memory . Suc h arc hitectures are referred to as shared memory

arc hitectures. Pro cessors within suc h arc hitectures can comm unicate data b y storing it in memory whic h is

accessible to the receiving pro cessor. Most SIMD arc hitectures are in this category . Most MIMD arc hitec-

tures, on the other hand, are distributed memory, meaning that pro cessors cannot access memory allo cated

to other pro cessors. These arc hitectures are also referred to as message passing, b ecause the pro cessors

comm unicate via comm unication links. This t yp e of comm unicati on is generally v ery slo w relativ e to other

pro cessor activities.

P arallel arc hitectures can also b e categorized according to their interconnection topology, or network,

whic h de�nes the other pro cessors to whic h eac h pro cessor can comm unicate data. A common in terconnec-

tion top ology for SIMD arc hitectures is a 2-D mesh, in whic h the pro cessors are arranged, logically if not

ph ysically , in a t w o dimensional arra y . A 4 � 4 mesh is sho wn in Figure 46. Mesh in terconnection net w orks

allo w eac h pro cessor to comm uni cate data to eac h of the four pro cessors at its sides. W ell kno wn examples

of suc h systems are the Connection Mac hine, whic h is man ufactured b y Thinking Mac hines, Inc., and the

P aragon, whic h is man ufactured b y In tel.

A common in terconnection top ology for MIMD arc hitectures is a hypercube. Hyp ercub e arc hitectures

ha v e a dimension, N , and ha v e 2

N
pro cessors. A h yp ercub e of dimension 4 is sho wn in Figure 47. Eac h

pro cessor is directly connected to, and can comm unicate data to N other pro cessors in a single step. An y

pro cessor can comm uni cate data to an y other pro cessor in no more than N steps. One of man y examples of a

commercially a v ailable h yp ercub e arc hitecture is In tel Corp oration's parallel sup ercomputer, the iPSC/i860.
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Figure 47. Dimension 4 Hyp ercub e In terconnection Net w ork

C.2 Parallel Algorithms.

Soft w are dev elopmen t for parallel arc hitectures is fundamen tally di�eren t than for sequen tial arc hitec-

tures (9). The primary question in dev eloping parallel soft w are is whether to design parallel algorithms and

implemen t them directly , or to implem en t sequen tial algorithms and then parallelize them. F or most cases in

whic h there is no sequen tial soft w are predecessor, and ev en in some cases where there is suc h a predecessor,

the �rst approac h lik ely results in b etter p erformance.

Sev eral algorithm prop erties can lead to p erformance impro v emen ts when the algorithms are imple-

men ted in parallel. The t w o most common suc h prop erties are data parallelism and con trol parallelism(73 ).

The former describ es a situation in whic h an algorithm pro cesses m ultiple data items in the same w a y , and

the actions tak en for an y particular data item do not dep end on the results of pro cessing other data items.

The latter is presen t when t w o distinct op erations on the same data do not dep end on eac h other. Another

form of parallelism, sometimes referred to as \trivial" parallelism, is presen t when t w o separate activities,

whic h share neither con trol nor data, can b e executed sim ultaneously .

Chandy and Misra prop ose an arc hitecture indep enden t metho d for the description of an algorithm(9 ).

A UNITY (Un b ounded Nondeterministic Iterativ e T ransformations) program describ es the requiremen ts for

a pro cess. It do es not sp ecify the order of op erations or the mapping of op erations to pro cessors. Th us, a

UNITY program ma y b e mapp ed to an y arc hitecture, whether it b e sequen tial, async hronous shared-memory ,

or distributed memory . The description of a mapping describ es ho w the UNITY program is executed on the

target arc hitecture. Mappings for particular classes of arc hitectures exhibit common c haracteristics. The

target arc hitecture in this study is a h yp ercub e, whic h is a distributed memory (DM) system. Chandy and

Misra describ e DM systems formally as consisting of a �xed set of pro cessors, a �xed set of comm unication

c hannels, and a memory for eac h pro cessor(9 :83). As suc h, a mapping to suc h an arc hitecture m ust

� allo cate eac h statemen t in the program to a pro cessor;

� allo cate eac h v ariable to either a memory or a c hannel;

� sp ecify the con trol o w for eac h pro cessor;
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� allo cate at most one v ariable, whic h is of t yp e sequence, to eac h comm unicatio n c hannel;

� b e suc h that a v ariable whic h is allo cated to a c hannel is referenced in statemen ts whic h are allo cated

to exactly t w o pro cessors.

F urthermore, the statemen ts allo cated to one of the pro cessors whic h reference a c hannel v ariable ma y only

mo dify the v ariable b y app ending an item to the sequence. They ma y only do so when the sequence is

of length less than a constan t bu�er size. Finally , the statemen ts allo cated to the other pro cessor whic h

references the c hannel v ariable ma y only mo dify the v ariable b y remo ving the �rst item in the sequence.

They ma y only do so when the length of the sequence is greater than zero.
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Appendix D. PHGA Operation

Op eration of PHGA is similar to the other A GCT binary GAs based on GENESIS. The only addition

parameter is the n um b er of no des, whic h is en tered at the command line. A sample input �le is sho wn in

Figure 48.

T raditionally , the GENESIS engine has exp ected an input �le either named in or in.something where

something is an unique �le extension. If the run is to us the �le named in, then no additional argumen ts

are extended at the command line, i.e.

ga.energy

and no other argumen ts on the command line. If in.something is to b e used as the input parameter �le,

then just the extension is en tered follo wing the executable name, i.e.

ga.energy something

where it m ust b e the second item on the command line. Of course, standard UNIX command options can

b e included lik e & to run the pro cess in the bac kground and > to redirect standard output to a �le or n ull

output, /dev/null.

In a parallel en vironmen t the ab o v e option is un usable b ecause additional parameters m ust b e sp eci�ed

and the order v aries from platform to platform. In resp onse to these problems, t w o tok ens, psga param

and psga default w ere used. The �rst tok en psga param indicates to the program that the next argumen t

indicates the �le to use for input. The second tok en psga default indicates to the program use the GENESIS

default input �le, in.

F or most MPI implemen tatio ns, a script mpirun is used to hide mac hine dep enden t start-up pro cedures.

A switc h -np follo w ed b y an in teger, indicates the n um b er of no des to used. An exception is the In tel P aragon

in ternal v ersion, a v ailable with In tel R1.04 OS. Here, no script is used, rather a switc h -sz follo w ed b y an

in teger v alue indicates ho w man y no des to run. Examples follo w:

mpirun -np 4 psga.energy psga param 2.10.24

psga.energy -sz 4 psga.energy psga param 2.10.24

the �rst is the mpirun v ersion while the second is the P aragon in ternal v ersion. Both are using four no des and

using input �le in.2.10.24. With the P aragon v ersion, standard UNIX command options can b e included

lik e & to run the pro cess in the bac kground and > to redirect standard output to a �le or the bit buc k et,

/dev/null.
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Experiments = 1

Total Trials = 500

Population Size = 20

Structure Length = 240

Crossover Rate = 0.65

Mutation Rate = 0.005

Generation Gap = 1.0

Scaling Window = 1

Report Interval = 1

Structures Saved = 1

Max Gens w/o Eval = 10

Dump Interval = 0

Dumps Saved = 0

Options = ycel

Number of Peaks = 1.0

Minimization Prob = 1.0

Replacement Prob = 1.0

Random Seed = 987654321

Rank Min = 1.5

Figure 48. Sample input parameter �le for PHGA
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Appendix E. Genocop-III

This app endix pro vides details of the most recen t implemen tatio n of Mic halewicz's Geno cop (GEnetic

algorithm for Numerical Optimization of COnstrained Problems). GENOCOPI I I is the new v ersion of this

system for handling Numerical Optimization of Problems with Linear and Non-Linear Constrain ts. It has

b een completely rewritten and incorp orates no co de from previous v ersions of the system. This v ersion is

written in ANSI-C and should compile on an y system supp orting the ANSI standard. The general algorithm

is detailed in Section E.1. Input parameters are discussed in Section E.2. Geno cop I I I has a m uc h ric her set

of op erators than \classical" GAs whic h are discussed in Section E.3

E.1 Algorithm

Geno cop I I I com bines the c haracteristics from all asp ects of the Ev olutionary Computation and other

sto c hastic tec hniques. The general algorithm is presen ted in Figure 49. It features a unique repair metho d

incorp orated in the searc h p opulation ev aluation, Figure 50.

Procedure Genocop III

begin

t 0, \ t is n um b er of generations"

initialize Ps ( t)

initialize Pr ( t)

ev aluate Ps ( t)

ev aluate Pr ( t)

while ( not termination-condition) do

begin

t t + 1

select Ps ( t) from Ps ( t � 1)

alter Ps ( t)

ev aluate Ps ( t)

if t mod k = 0 then

begin

alter Pr ( t)

select Pr ( t) from Pr ( t� 1)

ev aluate Pr ( t)

end

end

end

Figure 49. The structure of Geno cop I I I
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procedure evaluate Ps ( t)

begin

for eac h ~s 2 Ps ( t) do

if ~s 2 F \feasibilit y set"

then ev aluate ~s (as f ( ~s )) else

begin

select ~r 2 Pr ( t)

generate ~z 2 F
ev aluate ~s (as f ( ~z ))

if f ( ~r ) > f ( ~z ) then replace ~r b y ~z in Pr
replace ~s b y ~z in Ps with probabilit y pr

end

end

Figure 50. Ev aluation of p opulation Ps in Geno cop I I I

E.2 Input Parameters

The input parameters for Geno cop-I I I can b e divided in to the follo wing classes: Static, Domain Con-

strain ts

1
(DC), Linear Constrain ts (LC), and Op erator Probabilit y Distribution (OD). Additionally , w e can

sa y that the static constrain ts and op erator probabilit y distribution are artifacts of the algorithm domain

while the domain and linear constrain ts are artifacts of the application domain. Since the ob jectiv e is to

e�ect the algorithm with resp ect to a sp eci�c application, only algorithm domain parameters will b e study

in this exp erimen t set.

The static input parameters for Geno cop-I I I are presen ted in table 25. The op erator probabilit y

distribution is a sequence of real n um b ers indicating the relativ e frequency for eac h op erator. If op erator

frequency con trol is �xed, these n um b ers are normalized b y the algorithm. Ho w ev er, if op erator frequency

con trol is adaptive, op erators with nonzero v alues are assigned a starting relativ e frequency midw a y b et w een

the upp er and lo w er b ounds de�ned in the header �le genocop.h, while those with a zero v alue are assigned

a relativ e frequency of zero.

Of the parameters listed in T able 25, sev eral are essen tially constan t or exp erimen t dep enden t. Theses

are:

� T otal n um b er of v ariables

� Num b er of nonlinear equalit y constrain ts

� Num b er of nonlinear inequalit y constrain ts

� Num b er of linear inequalit y constrain ts

� Num b er of linear inequalit y constrain ts

1Here the phrase \Domain Constraints" is used in a context more limited than normally used in compute science, speci�cally,
the allowable range of speci�ed variables. If a domain constraint is not de�ned for a variable, it defaults to the architecture
dependent range for IR
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T able 25. Static Input P arameters

Name Description V alues

Num b er V ariables T otal n um b er of v ariables IN [ 0

Num b er NLE Num b er of nonlinear equalit y constrain ts IN [ 0

Num b er NLIE Num b er of nonlinear inequalit y constrain ts IN [ 0

Num b er LC Num b er of linear inequalit y constrain ts IN [ 0

Num b er DC Num b er of v ariable constrain ts IN [ 0

Ref P op Size Size of reference p opulation IN

Searc h P op Size Size of searc h p opulation IN

Num b er Op erators Num b er of op erators IN

T otal Ev aluations Num b er of total ev aluations IN

Reference P erio d P erio d of ev aluation of reference p op IN

Reference O�spring Num b er of o�spring for eac h ref p op ev al IN

Select Reference Pt Selection of ref p oin t to repair searc h p oin t 0=random, 1=ordered

Repair Metho d Selection of repair metho d for searc h p op 0=random, 1=deterministic

Replace Prob Prob. of replacemen t for searc h p op [0.0,1.0]

Reference Init T yp e Init metho d for reference p opulation 0=single, 1= m ultiple

Searc h Init T yp e Init metho d for searc h p opulation 0=single, 1= m ultiple

Ob ject T yp e Ob jectiv e function t yp e 0=max, 1=min

T est Case T est case n um b er IN

Epsilon EPSILON for equalities IR

Seed1 Random n um b er seed 1 0 � iSeed1 � 31328

Seed2 Random n um b er seed 2 0 � iSeed2 � 30081

F requency Mo de Op erator frequency con trol 0=�xed, 1=adaptiv e

� Num b er of v ariable constrain ts

� Ob jectiv e function t yp e

� Init metho d for reference p opulation

� Init metho d for searc h p opulation

� T est case n um b er

� Random seeds (1 and 2 )

In addition, the parameter EPSILON only applies to nonlinear equalities whic h are not at this time

applicable to the REGAL approac h, therefore in it is ignored. This lea v e the static parameters indicated in

T able 10.

E.3 Operators

GENOCOP{I I I as a v ailable form Mic halewicz, uses the 10 op erators listed b elo w. Eac h is explained

in greater detail in the follo wing sections.

1. Whole arithmetical crosso v er

2. Simple arithmetical crosso v er

3. Whole uniform m utation
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4. Boundary m utation

5. Non-uniform m utation

6. Whole non-uniform m utation

7. Heuristic crosso v er

8. Gaussian m utation

9. P o ol recom bination op erator

10. Scatter searc h op erator

E.3.1 Whole arithmetical crossover. Arithmetic crosso v er, pro duces ~z = a~x + (1 �a) ~y , from paren ts

~x and ~y . Alw a ys pro duces a feasible solution (for 0 � a � 1) in con v ex searc h spaces. Applied to all genes.

E.3.2 Simple arithmetical crossover. Same as ab o v e except crosso v er is only applied follo wing a

single p oin t. Closest analogy in this implemen tation to single point crossover in GENESIS.

E.3.3 Whole uniform mutation. Single paren t ~x = ( x1; :::; xk; ::::xn) pro duces a single o�spring

~x
0

= ( x1; :::; x
0

k; :::xn) where x
0

k is a random v alue (uniform probabilit y distribution) from the range of

elemen t k . Discussion on this and the next t w o m utation op erators is a v ailable in Mic halewicz, Logan, and

Sw aminathan (80)

E.3.4 Boundary mutation. Same as whole uniform m utation except x
0

k is either left( k ) or right( k )

with uniform probabilit y . .

E.3.5 Non-uniform mutation. This unary op erator is resp onsible for �ne tuning of the system.

xt+1k =

8

<

:

xtk + 4( t; r ( k ) � xk ) if a random binary digit is 0

xtk �4( t; xk � l ( k )) if a random binary digit is 1

(20)

for k = 1 ; : : : ; n. The function 4( t; y ) returns a v alue in the range [0 ; y ] suc h that the probabilit y

of 4( t; y ) b eing close to 0 increases as t increases ( t is the ev aluation n um b er). This prop ert y causes this

op erator to searc h the space uniformly initially (when t is small), and v ery lo cally at later stages. In

exp erimen ts rep orted b y Mic halewicz et al. (1994), the follo wing function w as used:

4 ( t; y ) = y � r � (1 �
t

T
)

b; (21)

where r is a random n um b er from [0 ::1], T is the maxim al ev aluation n um b er, and b is a system parameter

determining the degree of non{uniformit y .
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E.3.6 Whole non-uniform mutation. Applies non-uniform m utation to the whole v ector. A co de

review rev eals that some comp onen ts ma y not b e m utated, while others ma y b e m utated more than once.

E.3.7 Heuristic crossover. An in teresting v ariation along this line is the heuristic crossover op erator

prop osed b y W righ t (113 ); this crosso v er uses v alues of the ob jectiv e function in determining the direction of

the searc h, and it pro duces only one o�spring. The op erator generates a single o�spring ~z from t w o paren ts,

~x and ~y according to the follo wing rule:

~z = r � ( ~x� ~y ) + ~x (22)

where r is a random n um b er b et w een 0 and 1, and the paren t ~x is not w orse than ~y , i.e., f ( ~x ) � f ( ~y ) for

maxim ization problems and f ( ~x ) � f ( ~y ) for minim i zation problems.

E.3.8 Gaussian mutation. The most p opular m utation op erator is Gaussian mutation, whic h

mo di�es all comp onen ts of the solution v ector ~x = hx1; : : : ; xni b y adding a random noise:

~xt+1 = ~xt + N (0 ; ~� ) (23)

where N (0 ; ~�) is a v ector of indep enden t random Gaussian n um b ers with a mean of zero and standard devi-

ations ~� . Suc h a m utation is used in ev olution strategies (B• ac k et al., 1991) and ev olutionary programmi ng

(F ogel, 1995). (One of the historical di�erences b et w een these tec hniques lies in adjusting v ector of standard

deviations ~� ).

E.3.9 Pool recombination operator. Pic ks bits from a random paren t selected from a set and �lls

up the o�spring v ector. Returns index of the w orst paren t in the set. (from co de commen ts)

E.3.10 Scatter search operator. The scatter searc h op erator in v olv es computing the cen troid of

group of paren ts and mo ving from the w orst individual b ey ond the cen troid p oin t. More precisely , the

op erator selects k > 2 paren ts (set J ), determines the b est and the w orst individual within the selected

group (

~b and ~w , resp ectiv ely), computes the cen troid ~c of the selected group with remo v ed w orst individual:

~c =

X

~xi2J�~w

~xi=( k � 1) (24)

and computes the `reected p oin t' ~y (i.e., the o�spring) obtained from the w orst one:

~y = ~c + ( ~c� ~w ) (25)
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This op erator em b o dies ideas originally presen ted, according to Mic halewicz(81), b y Glo v er in 1977 (38 ).

The app eal of the scatter searc h in a GA is the concept an orgy, where the resulting o�spring con tains genetic

material from more than t w o paren ts.
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Appendix F. Statistical Methods

The c hapter discusses statistical metho ds used in this researc h.

F.1 Analysis of Variance (ANOVA)

F.1.1 Single Factor Factorial Design . Supp ose w e ha v e a treatmen ts or di�eren t lev els factors w e

wish to compare. Eac h of the n observ ed resp onses from eac h of the a treatmen ts is a random v ariable. The

observ ation can b e describ ed as a linear statistical mo del:

yij = � + �i + �ij

8

<

:

i = 1 ; 2 ; : : : ; a

j = 1 ; 2 ; : : :; n
(26)

where yij is the ( ij )th observ ation, � is a parameter common to all treatmen ts called the overall mean, �i is a

parameter unique to the ith treatmen t called the treatment e�ect, and �ij is a random error comp onen t. F or

h yp othesis testing, the mo del errors are assumed to b e normally indep enden tly distributed random v ariables

with mean zero and v ariance of �2 .

Actually , the statistical mo del, Equation 26, describ es t w o di�eren t situations with resp ect to the

treatmen t e�ects. First the treatmen ts could ha v e b een selected b y the exp erimen ter. This is a �xed

e�ects model. The conclusions deriv ed from h yp othesis testing apply only to the treatmen t lev els in the

analysis. They can't b e extended to treatmen ts not explicitly considered. Alternativ ely , the treatmen ts

could b e random samples from a larger p opulation of treatmen ts. This is a random e�ects model. The �i are

random v ariables and kno wledge ab out the particular ones in v estigated are relativ ely useless. Rather, the

exp erimen ter test h yp othesis ab out the v ariabilit y of �i and tries to estimate this v ariabilit y .

Initially , consider an exp erimen t where a single factor is tested at a lev els. In addition, there are n

replicates of eac h treatmen t lev els. N is the total n um b er of exp erimen ts and is equal to

P a

i=1 ni . The term

analysis of variance is deriv ed from a partitioning of total v ariabilit y in to its comp onen t parts. The total

corrected sun of squares

SST =

a
X

i=1

n
X

j=1

( yij � �y:: )

2
(27)

is used as a measure of o v erall v ariabilit y in the data. Mon tgomery (87) sho ws ho w the total v ariabilit y , as

measured b y SST can partitioned in to a sum of squares of di�erences b et w een the treatmen t a v erages and

the grand a v erage, plus a sum of squares di�erence of the di�erence of observ ations within treatmen ts from

the treatmen t a v erage. The di�erence b et w een the observ ed treatmen t a v erages and the grand a v erage is

a measure of the di�erence b et w een the treatmen t means, whereas the di�erence of observ ations within a
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treatmen t from the treatmen t a v erage can b e due to random error (or some other factor). Th us w e ha v e

SST = SSTreatments + SSE (28)

where SSTreatments is called the sum of squares due to treatmen ts and SSE is the sum of squares due to

error.

The formal test of the h yp othesis of no di�erence in treatmen t means ( H0 : �1 = �2 = : : : = �a ) or

equiv alen tly ( H0 : �1 = �2 = : : : = �a = 0). Mon tgomery sho ws via Co c hran's Theorem (87:59) that if the

n ull h yp othesis of no di�erence in treatmen t means is true, the ratio

F0 =

SSTreatment=( a� 1)

SSE=( N � a)

=

MSTreatments

MSE
(29)

is distributed as F with a� 1 and N � a degrees of freedom. Th us w e reject H0 if

F0 > F�; a�1; N�a (30)

where F0 is computed from Equation 29. ANO V A test are usually summarized in table form, T able 26. T o

eliminate rounding error in v olv ed with a v erages, the sum of square terms are calculated as follo ws:

SST =

a
X

i=1

n
X

j=1

y2ij �
y2ij

N
(31)

SSTreatments =

a
X

i=1

y2i:
n
�
y2::
N

(32)

SSE = SST � SSTreatments (33)

The dot notation used with resp ect to the y v ariables is de�ned in Equations 34 and 35.

T able 26. Analysis of V ariance T able for the Single-F actor, Fixed E�ects Mo del

Source of V ariation Sum of Squares DOF Mean Square F0

Bet w een T reatmen ts SSTreatments a � 1 MSTreatments F0 =

MSTreatments

MSE

Error (within treatmen ts) SSE N � a MSE
T otal SST N � 1

yi: =

n
X

j=1

yij ; �yi: = yi:=n i = 1 ; 2 ; : : : ; a (34)
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y:: =

a
X

i=1

n
X

j=1

yij; �y:: = y::=N (35)

F.1.2 Two Factor Factorial Design . The single factor analysis sho wn is the previous section is

expanded to encompass m ultiple factors. The section details pro cedures for ANO V A of a t w o factor design.

Here there are a lev els of factor A and b lev els of factor B . The linear statistical mo del for this design is

yijk = � + �i + �j + ( �� ) ij + �ijk

8

>

>

>

<

>

>

>

:

i = 1 ; 2 ; : : : ; a

j = 1 ; 2 ; : : : ; b

k = 1 ; 2 ; : : : ; n

(36)

where � is the o v erall mean e�ect, �i is the e�ect of the ith lev el of the �rst factor A, �j is the e�ect of the

j th lev el of the second factor B , ( �� ) ij is the in teraction b et w een �i and �j , and �ijk is the random error

comp onen t. Hyp othesis tests, are equalit y of A treatmen t lev els

H0 : �1 = �2 = : : : = �a = 0

H1 : 9 �i 6= 0

(37)

, equalit y of B treatmen t lev els

H0 : �1 = �2 = : : : = �b = 0

H1 : 9�i 6= 0

(38)

, and A and B treatmen t in teraction

H0 : ( �� ) ij = 0 8 i; j

H1 : 9 �i 6= 0

(39)

The T able 27 sho ws the ANO V A for this mo del. F or eac h test, the H0 h yp othesis

T able 27. Analysis of V ariance T able for the Tw o-F actor, Fixed E�ects Mo del

Source of V ariation Sum of Squares DOF Mean Square F0

A treatmen ts SSA a� 1 MSA =

SSA
a�1

F0 =

MSA
MSE

B treatmen ts SSB b� 1 MSB =

SSB
b�1

F0 =

MSB
MSE

In teraction SSAB ( a� 1)( b� 1) MSAB =

SSAB
(a�1)(b�1)

F0 =

MSAB
MSE

Error SSE ab( n� 1) MSE =

SSE
ab(n�1)

T otal SST abn� 1
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The terms are computed as follo ws:

SST =

a
X

i=1

b
X

j=1

n
X

k=1

y2ijk �
y:::2

abn
(40)

SSA =

a
X

i=1

y2i::
bn
�
y2:::
abn

(41)

SSB =

a
X

j=1

y2:j:

an
�
y2:::
abn

(42)

SSAB = SSSubtotals � SSA � SSB (43)

SSE = SST � SSSubtotals (44)

SSSubtotals =

a
X

i=1

b
X

j=1

y2ij:

n
�
y2:::
abn

(45)

yi:: =

b
X

j=1

n
X

k=1

yijk; �yi:: = yi::=bn i = 1 ; 2 ; : : : ; a (46)

y:j: =

a
X

i=1

n
X

k=1

yijk; �y:j: = y:j:=an j = 1 ; 2 ; : : : ; b (47)

yij: =

n
X

k=1

yijk; �yij: = yij:=n
i = 1 ; 2 ; : : : ; a

j = 1 ; 2 ; : : :; b
(48)

y:: =

a
X

i=1

b
X

j=1

n
X

k=1

yij ; �y::: = y:::=abn (49)

F.2 Kruskal-Wallis H Test.

The Krusk al-W allis H T est determines \whether or not the means from k indep enden t samples are equal

when the p opulations [cannot b e assumed to b e] normal"(1 :544). The algorithm for the Krusk al-W allis test

is giv en at Figure 51, in whic h n is the total n um b er of observ ations, k is the n um b er of samples, and Ri is

the rank of observ ation i within the p opulation. The Krusk al-W allis H T est is used throughout as a means

of v erifying results from ANO V A.
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Suppose we have k independent samples from k populations. We wish to test the null hypothesis

H0 : the samples are from identical populations

against the alternative hypothesis

H1 : the populations are not identical

at the � level of signi�cance.

1. Compute h. Calculate

h =
12

n(n+ 1)

X

i=1

k
R2

i

ni
� 3(n+ 1)

2. Accept or reject H0. If h > �2k�1;�, reject H0; otherwise accept H0.

Figure 51. Krusk al-W allis H T est Algorithm

(1)
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